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Abstract. Various filtering algorithms for publish/subscribe systems have been
proposed. One distinguishing characteristic is their internal representdfimol-
ean subscriptions: They either require conversions to disjunctivealdorms
(canonical approaches) or are directly exploited in event filtering-¢@monical
approaches).

In this paper, we present a detailed analysis and comparison of thergnezno
quirements of canonical and non-canonical filtering algorithms. Thisidies a
theoretical analysis of space usages as well as a verification of oueticebre-
sults by an evaluation of a practical implementation. This practical analgsis a
considers time (filter) efficiency, which is the other important quality messti
filtering algorithms. By correlating the results of space and time efficiamey,
conclude when to use non-canonical and canonical approaches.

1 Introduction

Publish/subscribe (pub/sub) is a communication pattengeting on the active noti-
fication of clients: Subscribers define Boolean subscmigtim specify their interests;
publishers disseminate their information by the help oihéwveessages containing at-
tribute/value pairs. A pub/sub system is acting as broltdiltérs all incoming event
messages and notifies subscribers if their registered sptisos are matching. An
integral and essential part of pub/sub systems is thisifiligprocess, i.e., the deter-
mination of all subscribers interested in an incoming evaassage (also referred to
as primitive event filtering). Generally, filtering algdmihs for pub/sub systems should
fulfil two requirements [6]:

— Efficient event filtering (fast determination of interestdbscribers)
— Scalable event filtering (supporting large numbers of stjisons)

For efficiency, current pub/sub systems apply main memadasyifiig algorithms. Thus,
we can directly deduce the scalability characteristicshef ¢entral componerttsof
these systems from their memory requirements [3]. Thisadtaristic implies the need
to economize the usage of memory resources. We furtherstighis topic in Sect. 2.1.
We can distinguish between two classes of filtering appresdbr pub/sub sys-
tems: (i) algorithms directly filtering on Boolean substiops [3, 4, 13] (referred to as

1 We do not focus on distributed pub/sub systems in this paper. Therdiitaklso depends
on the network traffic generated by the system.
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non-canonical approaches in the following), and (ii) alfns filtering on subscrip-
tions in canonical forms [2, 5, 6, 8, 14] (referred to as cacalrapproaches). Internally,
algorithms of Class (ii) either filter on disjunctive nornfiatms (DNF) [5] or only sup-
port conjunctive subscriptions [2, 6, 8, 14]. Thus, if sugtimg arbitrary Boolean sub-
scriptions these approaches always require conversiosshfcriptions to DNFs. If
algorithms only allow conjunctions, each disjunctive edgrmnof a DNF is treated as a
separate subscription [10].

Canonical approaches store subscriptions plainly as éeeddorms. Hence, if sub-
scriptions merely utilize such forms, this class of aldoris allows for efficient event
filtering. This results from the ability to neglect arbityaBoolean expressions while
filtering. However, due to the need of converting Boolearsstiptions to DNFs, sub-
scriptions consume more space than required by their aliggnms as shown in [3].
Additionally, the matching process works over more (or, &ase of supporting DNFs,
larger) subscriptions. For non-canonical approachesshiblel opposite: Subscriptions
demand less memory for storage but involve a more sophisticaatching. Hence,
the benefits and drawbacks (a detailed discussion can bd foyB]) of both classes
of filtering algorithms are twofold and necessitate a thgloanalysis to allow solid
statements about their advantages and disadvantages.

In this paper, we present the details of our thorough arslged evaluation of
the memory requirements of canonical and non-canonicatifity algorithms. This in-
cludes a theoretical analysis as well as a practical inyaistin of space usages. Further-
more, we correlate the memory requirements of the analylgeditoms to their filter
efficiency (time efficiency). As representatives of canahagorithms we analyze the
counting [2, 14] and the cluster approach [6, 8], which arevkmto be efficient and
reasonably memory-friendly [3]. Non-canonical algorithare represented by the fil-
tering approach in [3] because of its time efficiency due t ulilization of indexes
(other non-canonical approaches, e.g., [4, 13], do notnaexes at all). Our decision
to compare these particular algorithms is also driven byr similar exploitation of
one-dimensional indexes for filtering. In detail our cdmiitions in this paper are:

1. A characterization scheme for qualifying primitive scifystions

2. A theoretical analysis and comparison of the memory requénts of canonical
and non-canonical filtering algorithms

3. A practical verification of our theoretical results of mamusages

4. A correlation of memory usage and filter efficiency of filbgralgorithms

5. Recommendations for the utilization of non-canonical eanonical algorithms

The rest of this paper is structured as follows: Section 2vshtbe importance of min-
imizing memory usage in pub/sub systems (Sect. 2.1), gimesvarview of the ana-
lyzed algorithms (Sect. 2.2), and presents related workt(8e3). Our characterization
scheme qualifying subscriptions can be found in Sect. 3.NWeretically analyze the
memory requirements of filtering algorithms in Sect. 4. ®ech includes a compari-
son of the theoretical memory usages, their graphical ptatsen, and considerations
for implementations of algorithms. We practically verifuroresults in Sect. 6.1, fol-
lowed by the correlation of memory usage to filtering efficiein Sect. 6.2. Finally,

we conclude and present our future work in Sect. 7.
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2 Motivation, Analyzed Algorithms and Related Work

In this section, we firstly outline the importance of minifmig memory usage in pub/sub
systems (Sect. 2.1). Then, in Sect. 2.2 we give an overvietheothree analyzed fil-
tering algorithms, namely the counting approach [2, 14 ,dluster approach [6, 8] and
the non-canonical approach [3]. Finally, we present rdlaterk comparing the mem-
ory requirements of filtering solutions for pub/sub systémSect. 2.3.

2.1 Impact and Importance of Memory Usage

One important lesson from the recent developments in coenjiatrdware is the avail-
ability of reasonably cheap large main memories. Howehés dituation does not con-
versely imply that we do not have to consider the main memegquirements of algo-
rithms: Today it is more feasible to apply space consumimy@hes. Though, this
observation only holdg(to a certain extend) in wired scenarios dealing with destigeh
machines, e.g., powerful event filtering servers. In gdresrd widely used peer-to-peer
settings, we will find conventional machines equipped witasonable (processor and
memory) resources but not satisfying the latest develogsné&or mobile devices or
sensors, this situation holds even more. Altogether, thiedading to the need to con-
sider memory requirements of algorithms, especially ifi¢éing real world scenarios
not following the traditional client/server approach irred settings.

In the area of pub/sub systems, the development of larger maimories has led
to the implementation of main memory filtering approacheg., €1, 2,4, 6, 7]. These
algorithms allow for a more efficient event filtering procéisan approaches compris-
ing secondary memory data structures. This is due to thehplitysof neglecting disk
accesses (or, in general, secondary memory accesses)rnmmaiory solutions and
thus the optimization of these filtering approaches to gwsitiate in main memory.

However, such filtering approaches require main memorigg lanough to hold
and efficiently filter incoming events against all registeseibscriptions. Otherwise,
their applicability in case of increasing problem sizes,,itheir scalability, is highly
restricted. This direct dependency of main memory filterhgoprithms on available
resources leads to another important quality measure émtéiltering approaches next
to time efficiency: space efficiency (memory usage) as an itapbdeterminant of
scalability [12].

To outbalance the direct dependency of event filtering orlabla main memory
resources, current algorithms have restricted their sigtgm languages to merely sup-
port simple conjunctive subscriptions [2, 6, 8, 14] or DN} [This leads to decreasing
memory usages due to the ability to neglect the storage obmtions of Boolean ex-
pressions in subscriptions themselves. However, arpiBaolean subscriptions have to
be converted to canonical forms (DNFs) to allow for their chitg in such approaches.
These canonical forms are exponential in size [11] leadingntormous memory re-
quirements if supporting Boolean subscriptions.

This general practice of canonical rewriting has been tffely applied in the con-
text of database systems. However, in pub/sub systems wéhnconverse problem

2 Assuming substantial financial resources.
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definition as in database systems: Database systems efaewjgeries at one time on
a large amount of data; pub/sub systems have to filter inapeents against a huge
number of continuously registered subscriptions. Thus,itternal representation of
subscriptions and their memory requirements directly @rflte pub/sub systerhs

Despite this neglect of filtering on arbitrary Boolean sulpgions in today’s ap-
proaches, comparative evaluations of pub/sub systemseghe effect of canonical
conversions on space efficiency of filtering algorithms tiemmore, they mainly target
at the comparison of filter (time) efficiency. However, as ve@eéndescribed before, it
is vitally required to consider the memory usage of filteragproaches because it is
directly implying the scalability properties of algoritlsmHence, our investigation of
the space usages of current filtering algorithms will yiedtlarifications about their
scalability characteristics.

2.2 Review of Analyzed Algorithms

We now give a brief outline of the three filtering algorithnesnting approach, cluster
approach, non-canonical approach) we use in our later sisalpur decision to fo-
cus on these one-dimensional indexing approaches is basbeio balanced time and
space efficiency characteristics: They consume less metimanymulti-dimensional in-
dexing algorithms [3] but allow for a more efficient filteriegmpared to non-indexing
solutions [3, 9].

We restrict this section to a short review of the algorithmd eefer to the origi-
nal works for a thorough study and description of the apgreacAn analysis of the
theoretical memory requirements of these algorithms isesdetd in the next section.

Review of the Counting Algorithm as Canonical Approach. The counting algo-
rithm was originally proposed by Yan and Garcia-Molina id][for filtering on plain
text in combination with secondary storage. Later, it waspdeld as pure main memory
filtering approach working on attribute/value pairs, €[2]., It only supports conjunc-
tive subscriptions and requires the conversion of subgerip involving disjunctions to
DNFs. Then, each element (i.e., a conjunction) partiaiggaiin the one disjunction of
the DNF is treated as separate subscription [10].

The counting algorithm (cf. Fig. 1 for a graphical represéinh) requires a sub-
scription predicate count vector to store the total numlberedicates per subscription.
Furthermore, a hit vector is utilized to accumulate the neirmdd matching predicates
per subscription in the filtering process. To determine supsons that involve a cer-
tain predicate, a predicate subscription associatioretigblised. A subscription pred-
icate association table is required if unsubscriptionsggistrations) are supported to
allow for the determination of all predicates a subscriptionsists of [2].

Event filtering works in two steps: Firstly, all matching gdieates are determined
utilizing one-dimensional indexes (predicate matchirgpst Secondly (subscription
matching), all subscriptions involving the matching poedés are derived by exploiting
the predicate subscription association table. For eachhimat predicate a counter in

3 We refer to [3] for a further discussion of these differences betwletabase management and
pub/sub systems as well as their consequences.
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Fig. 1. Overview of the subscription matching process in the counting algorithm

the hit vector is increased for the respective subscriptiimally, hit vector and sub-
scription predicate count vector are compared. If botharscthow the same value for
a subscription (i.e., all predicates of a conjunctive stiption are matching), this sub-
scription is matching. An overview of the subscription niéitg step and the utilized
data structures is shown in Fig. 1. For a detailed descriptie refer to [2, 14].

Review of the Cluster Algorithm as Canonical Approach. The cluster algorithm is
described in detail in [6] and is based on the algorithm pregeby Hanson et al. in [8].
Similar to the counting algorithm, only conjunctive suligtions are supported by this
approach. This requires a conversion to DNFs when suppoaatibitrary Boolean sub-
scriptions as explained for the counting algorithm.

The cluster algorithm uses one-dimensional indexes tadtioa fast determination
of predicates matching an incoming event. In [6] the notibraacess predicates is
introduced which are predicates of subscriptions that tae fulfilled by an incoming
event in order to lead to fulfilled subscriptions.

The cluster algorithm (cf. Fig. 2 for a visual overview) appla cluster vector that
stores references to clusters. This cluster vector cantaim list of clusters for each
access predicate. Subscriptions with the same accessgieedre grouped in clusters
according to their numbers of predicates. Inside the dlsissubscriptions are repre-
sented by their identifiers and their predicates.

Again, event filtering works in two steps: In the beginnindjn@atching predicates
are determined by the help of one-dimensional indexes igasmatching step). For
all matching access predicates, we can find clusters wiimpiatly matching subscrip-
tions by utilizing the cluster vector. Then, subscriptiomside these clusters are eval-
uated by testing if all their predicates have been fulfilledigt of matching predicates
was the result of the first filtering step). This second stefiltefing is called subscrip-
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Fig. 2. Overview of the subscription matching process in the cluster algorithm

tion matching and is illustrated in Fig. 2 as well as the resplidata structures. The
work in [6] describes this algorithm in detail.

Review of the Non-Canonical Algorithm. The non-canonical algorithm is presented
by Bittner and Hinze in [3]. It comprises no restriction tonfunctive subscriptions
as the previous two approaches (counting and cluster #igoyi Instead, it directly
exploits the Boolean expressions used in subscriptions.

Also the non-canonical algorithm exploits one-dimensiandexes to efficiently
determine predicates matching incoming events. Subgmipare encoded in subscrip-
tion trees representing their Boolean structure and irgbjredicates A subscription
location table is required to associate subscription iflerg to memory addresses of
subscription trees. To access subscriptions out of givedipates, a predicate subscrip-
tion association table is applied. Furthermore, a minimuedijgate count vector states
the minimal number of fulfilled predicates required for eaabhscription to match (vari-
ation of the original approach in [3]). A hit vector is usedaimcumulate the number of
fulfilled predicates per subscription (also a variatiomfrf8]).

Also this matching approach involves a two-step event iiilteprocess beginning
with the determination of matching predicates using omeetisional indexes (predi-
cate matching). Then, all potential candidate subscrigtare determined (subscription
matching step) by the help of the predicate subscriptioacason table.

The work in [3] proposes to evaluate subscription treeslafaididate subscriptions
using the subscription location table. However, if using imimum predicate count
vector, only subscriptions with more matching predicatentthe number stored in

“ In subscription trees we push down the unary NOT operator using Dgavitsrlaws to avoid
negations in inner nodes. Thus, we integrate all negations into leaf rnbdes, we utilize
the inverse operator for negated predicates (e.g., the negationdiéqtettribute = 10 is
expressed asttribute # 10).
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Fig. 3. Overview of the subscription matching process in the non-canonicaiitlgo

=

this vector (minimum number of fulfilled predicates reqdifer matchingp;,,|) have
to be evaluated. An example is the following: If a subscoiptconsists of three dis-
junctive elements that contain conjunctions of nine, five] aeven predicates it holds
|pmin| = 5. The accumulation of matching predicates per subscrifigiobtained using
the hit vector. A figurative overview of the data structunesived in the subscription
matching process as well as the process itself is illustriaté&ig. 3.

2.3 Limitations of Previous Comparative Evaluations

There have already been some comparative evaluations of flering approaches
for primitive events. However, nearly all of them merelygeir evaluations of time ef-
ficiency in specifically chosen settings. Additionally, daiked theoretical analysis of
memory requirements of filtering algorithms cannot be fosadar. The results of cur-
rent practical evaluations of space efficiency are tooimstt to be generalizable.
Ashayer et al. evaluate several implementations of the tazgialgorithm in [2],

but there is no comparison of this approach to other filtesolgtions. For the inves-
tigation of subscription matching, subscriptions conefsbnly one to five predicates
over domains of only 10 different values. Thus, the resudl{2jccannot be generalized
to more complex and sophisticated settings utilizing exgixe Boolean subscription
languages. Additionally, a satisfactory theoretical eatibn is missing.
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Fabret at el. compare implementations of counting and eduslgorithm in [6].
However, the assumptions are similarly restricted as ind@ly five predicates are used
per subscription, and domains consist of 35 possible vakugthermore, subscriptions
mainly define equality predicates in [6]. Naturally, thiadis to a well-performing clus-
ter algorithm, which is specifically designed to exploitstisharacteristic. Hence, the
results of [6] do not present the behavior in general settangd are mainly targeting
filter efficiency.

Bittner and Hinze [3] briefly compare the counting and the-nanonical approach.
Thus, this analysis allows only limited conclusions abdat behaviors of these algo-
rithms. Again, a theoretical analysis of memory requiretaé&nmissing.

3 Characterization of Subscriptions

In this section, we present our approach of characterizibg&iptions. Since we target
the evaluation of memory requirements, our methodologwseHd on attributes affect-
ing the memory usage for storing subscriptions for efficfétaring. Our characteriza-
tion approach also allows for a successful representafitimecspace requirements of
the three filtering algorithms presented in Sect. 2.2.

Generally, we require parameters to express the charstaterdf Boolean subscrip-
tions (canonical and non-canonical algorithms) and toatdtarize canonical conver-
sions (required by canonical approaches). We also need ttelnadgorithm-specific
parameters and to incorporate the relation between spkiscis and events affecting
both time and space efficiency of algorithms.

Altogether, we have identified 14 parameters, which are emthp shown in Ta-
ble 1. The parameters of Class S allow for both a representatithe characteristics of
subscriptions and a determination of their memory requémres Class A of parameters
explicitly deals with filtering algorithm-related charadstics influencing the internal
storage of subscriptions. The behavior of canonical ampresis expressed by the three
parameters of Class C. The parameigof Class E incorporates the relation between
subscriptions and events, which influences both space aradfficiency of filtering
algorithms. In the following, we describe these 14 paramsatedetail.

Number of predicates per subscription|p|: This parameter directly characterizes sub-
scriptions (Class S) and describes the average number ditptes used in sub-
scriptions. Since subscriptions are Boolean expressjpnstates the average num-
ber of input variables.

Number of Boolean operators per subscriptionop|: Subscriptions are Boolean ex-
pressions combined by Boolean operatofhe average number of operators used
in a subscription is denoted byp|. This parameter classifies into Class S.

Relative number of Boolean operators per subscriptiorop™: To reduce the number
of characterizing parameters specifying fixed values inater analysis, we intro-
duce another parametep” in Class S. This parameter describes the relative num-
ber of operators per subscription, i.e., the proportionpEratorgop| compared to

the number of predicates per subscriptiph Thus, it holds)p”™ = %

5 We assume AND, OR and NOT as possible Boolean operators.
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Table 1. Overview of parameters characterizing subscriptions (Class S —rithserelated
parameters, Class A — algorithm-related parameters, Class C — donveiated parameters,
Class E — subscription-event-related parameters)

Symbol Parameter Name (Calculation) Class
Ip| Number of predicates per subscription S

|op| Number of Boolean operators per subscription S
op” Relative number of Boolean operators per subscriptipfi & %) S

|| Number of subscriptions S

|Pul Number of unique predicates S

Tp Predicate redundancy,( = 1.0 — [zl S
w(s)  Width of subscription identifiers A
w(p)  Width of predicate identifiers A
w(l) Width of subscription locations A
w(c)  Width of cluster references A

Ss Number of disjunctively combined elements after conversion C
Sp Number of conjunctive elements per predicate after conversion C
s" Relative no. of conjunctive elements per predicate after conversios (Z—Z) C

Pe Number of fulfilled predicates per event E

Number of subscriptions|s|: The number of subscriptions that have actually been
registered with the pub/sub system is referred tds@sSince|s| describes sub-
scriptions, this parameter belongs to Class S.

Number of unique predicates|p,|: In order to model predicate redundancy, we re-
quire to specify the number of unique predicates registefdta pub/sub system.
Unique predicates utilize the same predicate identifier aiedstored only once.
However, such predicates might be specified in several splisos. The param-
eter|p, | describes the number of unique predicates (which is a cteaistic of
subscriptions and thus belongs to Class S) that have bemtereg with the sys-
tem.

Predicate redundancyr,: Predicate redundanay, describes the degree of unique-
ness of predicates, i.e;,, determines if there are subscriptions that utilize the same
predicates. We define predicate redundancga member of Class S since it char-
acterizes subscriptions) as the proportion of shared gathi among all registered
predicates, i.es, = 1.0 — ﬁ'}‘s“. Generally, high predicate redundancy occurs in
cases of small domain sizes and users with similar interests

Width of subscription identifiers w(s): We assume subscriptions to be uniquely iden-
tifiable. The parameten(s) describes the width of subscription identifiers in bytes.
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If we are using 32-bit integers it holds(s) = 4. This implementation-specific pa-
rameter belongs to Class A.

Width of predicate identifiers w(p): We also presume that predicates can be uniquely
identified. This allows for the usage of predicates in sdvamnbscriptions with-
out the storage of these predicates more than once. The @amanip) (again
an implementation-specific parameter of Class A) specifiesmidth of predicate
identifiers. Again, using 32-bit integers as identifiers liepw(p) = 4.

Width of subscription locations w(l): When storing subscriptions themselves, e.g.,
in a tree structure [3], we have to be able to locate them,(at(a memory ad-
dress). The width of such a location identifier is denoteay). If utilizing mem-
ory pointers on 32-bit machines, it holdg!) = 4. Due to merely requiring this
parameter out of implementation reason$l) classifies into Class A.

Width of cluster referencesw(c): Besides storing subscriptions themselves, we could
cluster subscriptions according to their access predidéle The width of a refer-
ence to such a cluster is stated dyc). Again, using memory pointers on 32-bit
machines leads t@(c) = 4 (and thusw(c) classifies into Class A).

Number of disjunctively combined elements after conversin S,: Some (i.e., canon-
ical) algorithms [2, 6, 8, 14] require purely conjunctivebsariptions or subscrip-
tions in DNFs. Thus, to allow for the filtering of arbitrary Blean subscriptions,

a conversion to DNF is required. The parameigidescribes the average number
of conjunctive elements per subscription participatinthie disjunction of a DNF.
This parameter belongs to Class C since it describes cleaisitts of canonical
conversions.

Number of conjunctive elements per predicate after conveilisn s,: A conversion to
DNFs implies that predicates of an arbitrary Boolean supson participate in
several conjunctive elements. The average number of cotierelements a pred-
icate from an original subscription (i.e., before convengiis involved in after its
conversion is denoted by,®. Also this parameter classifies into Class C because it
is purely conversion-related.

Relative number of conjunctive elements per predicate afteconversion s™: We can
further reduce the number of fixed parameters by the helfy.ofFhis parametes”
denotes the relative number of conjunctive elements a gatalibelongs to after
conversion, i.e., compared to the total number of disjuetticombined elements
per subscription after conversidfy. We defines” ass™ = g—" Sinces, and S
belong to Class C, alsg classifies into this class.

Number of fulfilled predicates per eventp.: Ina pub/sub system, each of the incom-
ing events fulfils a certain number of predicates. The aweragnber of predicates
fulfilled by an incoming event is denoted py. This parameter classifies into Class
E since it incorporates the relation between subscripémmsevents.

Altogether, these 14 parameters allow to characterizecsiptisns (Class S), to de-
rive the major memory requirements of filtering algorithr@$ass S, A and C), and to
describe the relation between events and subscriptiors$@®) affecting the time ef-
ficiency of event filtering. Our theoretical analysis in Séand comparison in Sect. 5

% In case of predicate redundancy each occurrence of the preditatatisd separately.
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abstracts from an assignment of certain values by diretitlging these characterizing
parameters.

After this introduction of the parameters required for tletedmination of space
requirements, we proceed with our detailed analysis of mmgmsages of three event
filtering algorithms in the next section.

4 Theoretical Analysis of Memory Requirements

After presenting the parameters required to analyze theanenequirements of fil-
tering algorithms, we now continue with our actual analysiSect. 4.1 to Sect. 4.3.
Note that our theoretical observations do not take into aetonplementation issues
and other practical considerations. Our results are a ln@sé&élping to find a suitable
filtering algorithm. An actual comparison of the theoreticeemory requirements can
be found in Sect. 5 as well as considerations for practicplementations.

4.1 Theoretical Analysis of the Counting Algorithm

We now want to analyze the memory requirements of the cogiatigorithm [2, 14] in

respect to the characterizing parameters defined in Seéccdrding to [2] and our

review in Sect. 2.2, the counting algorithm requires a felfilpredicate vector, a hit
vector, a subscription predicate count vector, and a pagglisubscription association
table. To efficiently support unsubscriptions, we also seitate a subscription pred-
icate association table. In the following, we describe ¢haata structures and derive
their minimal memory requirements. We start our obserwatfor cases with no pred-
icate redundancyrf{ = 0.0). Subsequently, we extend our analysis to more general
settings involving predicate redundancy.

Fulfilled predicate vector: The fulfilled predicate vector is required to store matching
predicates in the predicate matching step. In an implertientave might apply
an ordinary vector implementation or a bit vector implenaginh. This decision
should depend on the proportion of matching predicates.t Adiitor implemen-
tation requires at Ieaé@ bytes; an ordinary vector implementation involves at
leastp.w(p) bytes to store matching predicates. Thus, the fulfilled ipegd vector
demandsmin(%'s‘,pew(p)) bytes.

In cases of high predicate redundancy, there is only a smalber of unique predi-

cates. Thus, a bit vector implementation might requiretessory compared to an
ordinary vector implementation. However, if the fractidrfulfilled predicates per

eventp. and totally registered predicateggp|(s| predicates in total) is quite small,
utilizing an ordinary vector might be advantageous.

Hit vector: The hit vector accumulates the number of fulfilled predisgier subscrip-
tion. For simplicity, we assume a maximum number266 predicates per sub-
scription (we can easily relax this assumption). Thus, eathy in the hit vector
requires 1 byte representing the hit counter. Altogethar|d] subscriptions cre-
ating S, disjunctively combined elements due the canonical coiwershe space
requirements args| S, bytes for the hit vector.
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Since this vector consists of one entry per subscriptismigmory usage is inde-
pendent of predicate redundangy

Subscription predicate count vector: We also require to store the total number of
predicates each subscription consists of. This value igpeoead to the correspond-
ing entry in the hit vector in the subscription matching stéphe algorithm. Ac-
cording to our assumption for the hit vector, we can represach subscription by
a 1-byte entry in the subscription predicate count vectbusT we requirds|S;
bytes in total due to the applied canonical conversion (itpdctor).

Similar to the hit vector, the subscription predicate cowstttor does not depend
on predicate redundancy (it consists of entries per sytigam).

Predicate subscription association table:This table has to be applied to efficiently
find all subscriptions a predicate belongs to. In an impldaatéon, each predicate
has to be mapped to a list of subscriptions due to the reqoameadnical conversion.
This also holds in cases of no predicate redundangcy=(0). Least memory is de-
manded if predicate identifiers might be used as indexesiptédicate subscrip-
tion association table (this requires consecutive preglickentifiers). For storing
the list of subscriptions, we have to store the correspadimber of subscription
identifiers at a minimum (neglecting additional implemdiota overhead such as
the length of each list). Thus, altogether we have to redwedist of subscription
identifiers (requiringu(s)s,, bytes per predicate) for all registered predicatei$q(
predicates in total), which requiress)s, |p||s| bytes in total.

If considering predicate redundancy, for unique predicates (including one of
each redundant predicate) the following amount of memonmgdgired in bytes:
(1.0—rp)w(s)sp|p||s|. Redundant predicates usgu(s)s,|p||s| bytes. Thus, predi-
cate redundancy does not influence the size of the predigsesption association
table.

Subscription predicate association table:The previously described data structures are
required to support an efficient event filtering. Howeversulyscription are sup-
ported very inefficiently. This is due to missing associasibetween subscriptions
and predicates [2]: To remove a subscription, we have tawhdhrough all entries
in the predicate subscription association table. Wheneesfind the subscription
identifier of the subscription to be unsubscribed, we havenwove it from the list
of subscriptions. If no further subscriptions remain, wa camove the predicate
itself and its occurrence in the index structures. Howethés,operating expense is
not feasible in practice and implies the need for subsoriggredicate associations.
Least memory for subscription predicate associationsilized when using sub-
scription identifiers as index in a subscription predicatsogiation table. Each en-
try maps this identifier to a list of predicate identifiersefth is also some imple-
mentation overhead as described for the predicate subsarigssociation table).
Thus, we have to store a list of predicates for each subgmmifi|.S, subscriptions
in total due to conversions). Each list has to hkplkgl; predicate identifiers, which
leads tow(p)|s|Ss |p|g—‘; =w(p)|s||p|s, bytes in total for a subscription predicate
association table.

Predicate redundaney does not influence this table because it contains entries for
each subscription. Thus, redundant predicates do not &tlothe storage of less
associations between subscriptions and predicates.
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When accumulating the former memory usages in case of nagjeefficient unsub-
scriptions, i.e., without the utilization of a subscriptipredicate association table, we
require the following amount of memory in bytes (we exclude tulfilled predicate
vector since it is utilized by all three analyzed algorithms

MeMcounting = |5|(25s + w(s)splp|) - Q)

When efficiently supporting unsubscriptions (utilizing ascription predicate asso-
ciation table) the required data structures use the foligvaccumulated amount of
memory in bytes

MeMcoynting,unsub = ‘8‘(25s + w(3)5p|p‘ + w(p)sp\p|) . (2)

These observations hold in all cases of predicate redugdaras shown above.

4.2 Theoretical Memory Analysis of the Cluster Algorithm

This section presents an evaluation of the memory requinesvaf the cluster algo-
rithm [6, 8] according to the characterizing parametersneefiin Sect. 3. However,
this algorithm has several restrictions (e.g., usage dilhigedundant equality predi-
cates) and strongly depends on subscriptions actuallgtezgd with the pub/sub sys-
tem. Thus, we are not able to express all memory requirenaétités algorithm based
on our characterization scheme. In our following analysésngglect the space usage
of some data structures (cluster vector, references toeclusctor) and focus on the
most space consuming ones, which leads to an increased anfaequired memory
in practice. We refer to [6] for a detailed description of theta structures analyzed in
the following.

To efficiently support unsubscriptions, [6] suggests tbagtia subscription cluster
table to determine the cluster each subscription is storethiour opinion, this data
structure is not sufficient for a fast removal of subscripsioThe subscription cluster
table allows for the fast determination of the cluster a stipon is stored in. Thus, we
are able to remove subscriptions from clusters. It remaitetermine when predicates
might be removed from index structures due to the inheresuraption of predicate
redundancy in [6]. Also the necessity of canonical conversions leads to ghamed-
icates. Thus, to allow for a deletion of predicates in indexcures, we require an
association between predicates and subscriptions nglitiese predicates, e.g, by the
application of a predicate subscription association tabley storing these associations
inside index structures themselves.

The memory requirements of the cluster algorithm are aevi@l Again, we firstly
derive the space usage of the algorithm in case of no prediedtindancyr{, = 0.0).
Secondly, we generalize our results to cases involvingigagseiredundancy.

Predicate bit vector: This vector is similar to the fulfilled predicate vector apdlin
the counting algorithm (cf. Sect. 4.1). However, we regaitst vector implemen-
tation (as stated in [6]) due to the requirement of accesbiagtate of predicates

" The motivation for [6] is the existence of shared predicates (prediedtsdancy) because the
clustering of subscriptions is obtained via access predicates, i.ei¢cgie=ineed to be shared.
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(fulfilled or not fulfilled) directly. Thus, we deman |8|S‘ bytes for the predicate bit
vector.

Since the cluster algorithm assumes high predicate redegdand uses a bit vector
due to performance aspects, it takes implicitly advantddegh predicate redun-
dancy in respect to memory usage. However, if the fractiofuléifled predicates
is quite small, the predicate bit vector cannot profit froms fact.

Cluster vector: This vector contains references to subscription clustés.|liThe num-

ber of entries highly depends on the number of actual acecedgcptes. In turn, this
number is dependent on registered subscriptions and afiplicsemantics. Due to
this unpredictability we neglect the memory requiremeatsliis data structure in
our following analysis. Furthermore, its memory usage iy ansmall fraction of

the space requirements of other data structures.

Generally, predicate redundaney results in a smaller cluster vector due to less
access predicates (in fact, = 0.0 contradicts the assumption of access predicates
used in this algorithm).

References to cluster vector:Access predicates stored in indexes are provided with

references to the cluster vector, i.e., to subscriptioméatoing these access pred-
icates and requiring them to be fulfilled. Due to the strongeshelency of access
predicates from the current application and registered@iuttions, we neglect the
memory requirements of references to the cluster vectouirapalysis. Also their
space usage is quite small compared to other data struatsegsin the cluster
algorithm.

Predicate redundanay, decreases the memory requirements for references to the
cluster vector. However;, > 0.0 is an inherent assumption of the cluster algo-
rithm. Cases of no predicate redundancy conflict with thermgsions of shared
access predicates and a clustering according to them.

Clusters: Subscriptions themselves are stored in clusters accoringth their access

predicates and their total number of predicates. Clustamsist of a subscription
line storing an identifier for each subscriptiom(s) bytes required per subscrip-
tion). Furthermore, they contain a predicate array holdiggpredicates each sub-
scription consists of (on averagé [p|w(p) bytes per subscription if only storing
predicate identifiers). Clusters stbring subscriptiorthwie same number of pred-
icates and access predicates are linked together in arnisttste. However, we
neglect the memory requirements for this implementatjpeesic list.

Altogether, clusters requitg|Ss(w(s) + g—i|p|w(p)) bytes to storés|S, subscrip-
tions. Predicate redundancy does not influence the sizesterk. This results from
the observation that clusters store predicates for allsigi®ns. This storage hap-
pens in all cases of, and does not vary according to the uniqueness of predicates,
i.e., if predicates are redundant or unique.

Subscription cluster table: This table is one additional data structure required to sup-

port efficient unsubscriptions. It allows for the deterntioa of the cluster each
subscription is stored in. Utilizing subscription iderdi§ as indexes for the sub-
scription cluster table, we requite|Ssw(c) bytes for its storage ofs|.Ss cluster
references.

Also this table is focussed on mappings to subscriptionssTits size is indepen-
dent of predicate redundancy.
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Predicate subscription association table:As shown above, an association between
predicates and subscriptions is required to allow for arciefit support of un-
subscriptions. This information could be stored in a sepgreedicate subscription
association table or as part of indexes themselves. Botbraptequire the same
amount of additional memory. If using predicate identifiassindexes (or storing
associations inside indexes), we requir)s,|p||s| bytes for these associations of
Ip||s| predicates, each being contained.i(s)s, subscriptions on average.

Similar to our observation for the counting algorithm (Sdct), for unique predi-
cates we requir€l.0 — r,)w(s)s,|p||s| bytes to store their associations with sub-
scriptions. Redundant predicates consutpe(s)s,|p||s| bytes. Thus, predicate
redundancy does not influence the size of the predicate Sptise associations.

Accumulating the memory requirements of the former memtibdata structures (ex-
cluding the predicate bit vector) leads to the following foemof bytes in case of not
supporting efficient unsubscriptions

meMejyster = ‘3‘(5371)(8) + Sp‘p|w(p)) : (3)

The inclusion of efficient unsubscriptions increases thenorg requirements to the
following amount of bytes

memcluster,unsub - |S|(S9w(5) + 5p|p‘w(p) + st(c) + sp\p|w(s)) . (4)

Again, our observations represent the memory requirenadriise cluster algorithm
regardless of predicate redundamgyas shown before.

4.3 Theoretical Memory Analysis of the Non-Canonical Algorihm

As last algorithm for our analysis, we have chosen a variath@non-canonical ap-
proach [3] as presented in Sect. 2.2. Our variation inclaegher encoding of sub-
scription trees and the exploitation of a minimum predicatent vector.

According to [3], inner nodes of subscription trees storelBan operators and leaf
nodes store predicate identifiers. Each leaf node requifes bytes to store its predi-
cate identifier and 1 byte to denote itself as a leaf node. if@rinodes, we store the
Boolean operator in 1 byte and use 1 byte to denote the numbkildren (this implies
that at least 255 predicates are supported per subscragtiorthe other algorithms pre-
sented before). Children themselves are stored afterwlardsntrast to [3], we do not
store the width of the children in bytes. Hence, to accessafteout ofn children, we
have to compute the widths of all— 1 previously stored children. The non-canonical
approach inherently supports efficient unsubscriptiorestdiits characteristic to store
associations between subscriptions and predicates aadeisa.

In the following, we analyze the memory requirements of tbe-nanonical ap-
proach beginning with the special case of no predicate mmhey. Afterwards, our
analysis is extended to general settings involving predicadundancy,, > 0.
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Fulfilled predicate vector: This vector serves the same purpose as its counterpart in
the counting algorithm. An actual realization should depen the fraction of ful-
filled predicates (cf. Sect. 4.1). Thus, either as ordin&ster or bit vector imple-
mentation it requiremin(%,pew(p)) bytes of memory.

According to our reasoning in Sect. 4.1, high predicateamdencyr, favors a bit
vector implementation and a small fraction of fulfilled pieades per event benefits
an ordinary vector implementation.

Subscription trees: The encoding of subscription trees has been presented.dbmve
predicates stored in leaf nodes we requivép)+1)|p| bytes per subscription. Inner
nodes, storing Boolean operators and numbers of childemadd2|op| bytes of
memory for each subscription. Thus, for all registered stipgons |s|((w(p) +
1)|p| + 2|op|) bytes are used.

Subscription trees have to store operators and predicattifiers in all cases.
Thus, they do not depend on predicate redundapcy

Subscription location table: This table is applied to associate subscription identifiers
and subscription trees. If utilizing subscription idewstifi as indexes in this table
(consecutive identifiers necessitated), we requif® |s| bytes for storing these as-
sociations.

Since the subscription location table stores entries plscsiption, its memory
usage is not influenced by predicate redundancy

Predicate subscription association table:The predicate subscription association ta-
ble requires less memory than its counterparts in the puslyjoanalyzed algo-
rithms. This is implied by the fact that subscriptions do need conversions to
canonical forms. Thus, predicates are involved in lessigigons (only one sub-
scription in case of, = 0.0). Altogether,|s||p|w(s) bytes are required for the
predicate subscription association table.

Similar to the counterparts of this table in the other twa&thms (cf. Sect. 4.1 and
Sect. 4.2), for unique predicates in cases of predicatedsheyr,|s||pjw(s) bytes
are required. Moreover, redundant predicates congurfie- r,,)|s||p|w(s) bytes.
Thus, summing up, the memory usage of the predicate subisarigssociation
table does not depend on predicate redundancy.

Hit vector: According to the hit vector in the counting approach, thisteeaccumu-
lates the number of fulfilled predicates per subscriptidnc& no conversions to
canonical expressions are required by the non-canonipabaph and according to
the common assumption of a maximum256 predicates per subscription, the hit
vector requiress| bytes of memory.

Minimum predicate count vector: This vector stores the minimum number of pred-
icates per subscription that are required to be fulfillgd;,.| in order to lead to a
fulfilled subscription. In the subscription matching steply those candidate sub-
scriptions having at leagp.,.;,,| fulfilled predicates (accumulated in hit vector), as
stored in this vector, are evaluated. According to our aggiom of a maximum of
255 predicates per subscription, the minimum predicate coantor requiregs|
bytes of memory.

The required data structures (excluding the fulfilled preté vector) sum up to the
following amount of memory in bytes. Since the non-candnégproach inherently
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supports unsubscriptions, we do not distinguish two cases(,o, —canonical,unsub =

memnonfcanonical)-
€My, on—canonical = |S|(U}(p)‘p| + |p| + 2|0p| + w(l) + \p|w(s) + 2) ' (5)

Analogous to the previously described algorithms, therizal memory usage of the
non-canonical approach does not depend on predicate radeywd, as shown in our
analysis.

5 Comparison of Theoretical Memory Requirements

After our analysis of three filtering algorithms and the dation of their theoretical
memory requirements, we now compare the memory usage owtheanonical ap-
proaches (counting and cluster algorithm) to the non-ci@abmpproach. From this
analysis, we can deduce under which circumstances a namicahapproach should
be preferred (in respect to memory usage and thus scajabititl which settings favor
canonical filtering algorithms.

5.1 Relating the Derived Memory Requirements

In our following comparison, we focus on differing data stures of algorithms, i.e.,
we neglect the fulfilled predicate vector/predicate bittgecwhich is incidentally re-
quired by all three algorithms. Thus, we can directly analf) to (5).

All memory requirements derived in the last section grovedirly with increasing
numbers of subscriptions. Moreover, all of them cut the raté in zero. Hence, we
solely have to analyze the derivations of (1) to (5) for a carigon of these functions
(i.e., a comparison of the memory requirements of filterilggpathms).

The first derivation of (1), the counting algorithm withowtpporting unsubscrip-
tions, in|s| is

mem/counting(|s|) = 2SS + w(s)sp|p\ . (6)

The counting algorithm with an efficient support of unsufns (Equation (2)) leads
to the following first derivation

memiounting,unsub(|S|) = 2Sé + UJ(S)Sp|p| + w(p)sl)‘p| . (7)

For the cluster algorithm not allowing for unsubscriptigrepresented by (3)), we de-
duce as first derivation

mem/cluster("S') = SSw(S) + Sp‘p|’LU(p> . (8)

In case of supporting unsubscriptions in the cluster allgori(Equation (4)), its first
derivation is defined as

mem::luster,unsub(|5|) = S{LU(S) + 5P|p‘w(p) + st(c) + Sp‘p|w(5) . (9)



18 Sven Bittner and Annika Hinze

Finally, the non-canonical approach with its inherent suppf unsubscriptions (Equa-
tion (5)) leads to the following first derivation j|

mMem; ., canonicat (1) = w(p)|p| + [p| + 2|op| + w(l) + [plw(s) +2 . (10)

To eliminate some of the parameters required in the detednierivations, let us as-
sume the following fixed valuess(s) = 4, w(p) = 4, w(l) = 4 andw(c) = 4, i.e., the
widths of subscription identifiers, predicate identifienshscription locations, and clus-
ter references are 4 bytes eédhurthermore, let us reduce the number of characterizing
parameters specifying fixed values by utilizing the relatmtions ofop” (operators)
ands” (conjunctive elements per predicate) as introduced in. Sect

We now compare the memory requirements (using the derivadiamts) of the
canonical algorithms (Equations (6) to (9)) to the memomyureements of the non-
canonical approach (Equation (10)). The inequalities shiovthe following denote the
points when the non-canonical approach requires less nyefapits event filtering
data structures than the respective canonical solutioasdlpoints are described in
terms of the characterizing parametgr That is, the non-canonical approach requires
less memory if canonical conversions to DNF create more tharstated number of
disjunctively combined elements. In the following, we retie these points as turning
points, since they describe in which casesphon-canonical filtering is worthwhile.
To allow for a better overview, we use the notatis( ——292""hm _y 5 denote the
canonical algorithm actually analyzed and compared to ¢imeaanonical approach.

For the counting algorithm without supporting efficient ubscriptions (Equation
(6)) we derive the following inequality if comparing to themcanonical approach
(Equation (10))

counting Ip|(20p" +9) + 6
non — canonical 2 4 4s7|p|

Sis( (11)

Supporting unsubscription in the counting approach (Eqnd®)) leads to the follow-
ing inequality

counting, unsub Ip|(20p" +9) + 6

S ( (12)

non — canonical 2+ 8s|p|
The cluster algorithm without efficient unsubscriptions|(&tion (8)) compared to the
non-canonical approach (Equation (10)) is shown in thiguiadity

cluster - Ip|(20p" +9) 4+ 6
non — canonical 4+ 4s7|p|

Sis( (13)

Finally, if supporting efficient unsubscriptions in the stier algorithm (Equation (9)),
we can describe the point of interchanging space efficieacy a

cluster, unsub Ip|(20p" 4+ 9) + 6
non — canonical 8 + 8s"|p|

Sis( (14)

In the following subsection we illustrate these observetigraphically.

8 These values hold on traditional 32-bit machines when using standaggistend memory
pointers.
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memory usage in the non-canonical approach compared to the coantribe cluster algorithm
(both without a support of unsubscriptions) using = 1.0

5.2 Graphical lllustration of Interchanging Memory Require ments

After the determination of the inequalities denoting thénpahen the non-canonical
approach requires less memory than canonical algorithiogpgaions (11) to (14)), we
now present this turning point graphically.

Figure 4 shows the point of interchanging memory requirdmigncase of not sup-
porting efficient unsubscriptions for the counting aldamit (Fig. 4(a)) and the cluster
algorithm (Fig. 4(b)). We have chosep” = 1.0 in Fig. 4, which describes the maxi-
mal possible value for this parameter, i.e., the worst cakavior for the non-canonical
approach. In the figure, parametéris varied fromo0.3 to 0.7. The abscissae of both
subfigures show the number of predicates per subscriptiprordinates are labeled
with the number of disjunctively combined elements per stipton after conversion
Ss. Both graphs denote which number of disjunctively combiakgnents have to be
created by canonical conversions to DNFs to favor the noiiaal approach in re-
spect to memory requirements (cf. (11) and (13), no supgamsubscriptions by both
canonical algorithms).

We can realize that the counting algorithm (Fig. 4(a)) respliess memory in cases
of small predicate numbers than the cluster algorithm @i)), i.e., a greater value of
S is required by the counting algorithm (the DNF consists of@mdisjunctively com-
bined elements). However, with increasing predicate numbeth algorithms behave
nearly the same, i.e., in casefor more predicates per subscription it hokis~ 4.0
for both algorithms in case 6f = 0.7. Smaller values of” favor the counting and the
cluster algorithm. This is due to the fact of requiring lessaxiations between predi-
cates and subscriptions in these cases.

The behavior of the algorithms with a support of efficientubecriptions is shown
in Fig. 5. Again, we have chosep” = 1.0 and varieds” from 0.3 to 0.7 in the figure.
Figure 5(a) presents the behavior of the counting algorithencluster algorithm is il-
lustrated in Fig. 5(b). Compared to Fig. 4, we realize insegamemory requirements
of canonical algorithms when supporting unsubscriptioms @ their requirements to
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store additional associations between subscriptions egdigates and vice versa, re-
spectively.

Thus, a non-canonical filtering approach is already faverab cases of smaller
numbers of disjunctively combined elements after candiizaversionss,. In case of
s" = 0.7,itholdsS, ~ 2.0 (counting approach) angl, < 2.0 (cluster approach). Thus,
even if DNFs only consist of approximatehdisjunctively combined elements, a non-
canonical approach requires less memory (in cas€ of 0.7). Such a DNF would
be created due to conversions in case of only one disjun¢tiomore) per original
subscription.

In Fig. 4 and Fig. 5, we have chosep”™ = 1.0 (relative number of Boolean op-
erators per subscription), describing the worst case siceoiithe non-canonical algo-
rithm. In practice, it always holdsp” < 1.0 since each inner node of a subscription
tree has at least two childrénHence, a subscription tree containipg leaf nodes
(i.e., predicates used in the subscription) consists of>@rman of |p| — 1 inner nodes

(i.e., operators). This impliegp”™ < ‘[)I‘T_\l < 1.0. In practice, we have to expect much
smaller values thah.0 for op” because we can subsume consecutive binary operators to
n-ary ones in subscription trees. For example, a purelyucmtive subscription results
inop” = ‘17‘ since exactly one inner node is required in its correspundubscription

tree.

These observations for the characterizing parametefead to further improved
memory characteristics of the non-canonical approachur€i¢ shows this behavior
usingop” = 0.5 with the support of efficient unsubscriptions. Similar thlees figures,

Fig. 6(a) presents the counting algorithm and Fig. 6(b) faster algorithm. Again,
even if only one disjunction is used in subscriptions, a nanenical approach shows
less memory usage and better scalability than the counipgoach §” = 0.7). This
clearly indicates the advantages of a non-canonical figeapproach in case of sub-
scriptions involving disjunctions.

° We can integrate negations into inner nodes and leaf nodes as preseBéet. 2. 2.
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5.3 Considerations in Practice

Our previous analysis shows a comparison of the theoretieahory requirements of
the three algorithms. However, their practical implem#ats require additional space
for management data structures, e.g., to link lists togetbestore the lengths of vari-
able sized arrays, or to practically realize hash tablegs;Ta practical implementation
implies increasing space requirements of filtering alpong compared to our theoreti-
cal analysis.

Next to this general increase in memory requirements, datatares have to be
implemented in a reasonable way, e.g., they have to supgadndc growing and
shrinking, if this is demanded in practice. Generally, ¢anly required data struc-
tures require a dynamic implementation. For data strustaodely used in the event
filtering process, i.e., fulfilled predicate vector, prede bit vector, and hit vector a
static implementation is sufficient due to the requireménnitializing them for each
filtered event. A complete overview of the required datactmes and their practical
realization can be found in Table 2.

For several constantly required data structures, we peofmase dynamic arrays.
You can find an overview of these arrays in Fig. 7. These arcapsist of a directory
holding pointers to several small fixed-sized arrays. Thictical realization allows
for our requirements of a dynamically growing data struetir case of registering
new subscriptions, involving not much memory overhead fanagement purposes,
and allowing for an efficient access. In our applicationgxeb in dynamic arrays are
always predicate or subscription identifiers. In case ofibssriptions, freed identifiers
are saved and reused in case of registering new subscepfithus, a dynamically
shrinking data structure is not requitéd

Predicate subscription association (and subscriptiodigate association) tables
have to satisfy the following requirements: Firstly, theysnallow their entries to be ef-

10 Our approach can be extended to support dynamic shrinking. Howtée implies some
replacement operations in various data structures used.
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Table 2. Practical realization of required data structures

Data Structure Practical Realisation

Fulfilled predicate vector/predicate bit vector Simple fixed array

Hit vector Simple fixed array
Subscription predicate count vector Dynamic array
Predicate subscription association table Dynamic table
Subscription predicate association table Dynamic table

Cluster vector Dynamic array
References to cluster vector Pointer

Clusters List of simple fixed arrays
Subscription cluster table Dynamic array
Subscription trees Different sized memory blocks
Subscription location table Dynamic array
Minimum predicate count vector Dynamic array

ficiently accessed. Secondly, the tables have to supporéemtith dynamically chang-
ing sizes, i.e., newly registered subscriptions might uéstiag predicates and unsub-
scriptions might not remove all predicate subscriptiomeisgions of certain predicates.
Finally, a practical realization should require a reastmatemory overhead.

Our proposal for the predicate subscription associatibtetésimilarly for a sub-
scription predicate association table) is depicted in &id\ctual predicate subscription
associations are stored in dynamic arrays (cf. Fig. 7 far tiealization) according to
their size, i.e., the number of associated subscriptiohes& associations consist of
the predicate identifier and the subscription identifiersudiscriptions containing the
predicate. In case of unsubscriptions, entries are remanddif associations are left,
inserted into the dynamic array storing entries of the apoading size. Removed en-
tries are replaced by the last element inserted in an arragtain fully filled arrays.
Access to these dynamic arrays is provided by an additioray &olding references to
them.

We apply another dynamic array storing references to aessdciations. Indexes
for this array are predicate identifiers. Thus, we can easilyess the association of
a certain predicate. In case of moving associations duedohstriptions, we replace
the current reference. This is allowed by the fact of stotheypredicate identifier in
associations.

A comparison of these data structures to the memory reqeinésiof standard im-
plementations, i.e., STL hash (multi) sets, has result@dlioh less space usage for our
specialized implementations. Thus, our implementatioaswell suited data structures
for the filtering process.
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Fig. 8. Realization of dynamic tables (in case of the predicate subscription asodéble)

After this description of our practical realization of treuired data structures, we
present our practical analysis utilizing these implemigmta in the next section.

6 Practical Analysis of Memory Requirements and Efficiency

In Sect. 4 and Sect. 5, we have presented a theoreticaligatsh of memory require-
ments of filtering algorithms and described the influence prfeetical implementation
on our theoretical results. In this section, we extend oeotétical work and show the
applicability of our theoretical results to practical s&js (Sect. 6.1). Furthermore, we
present a brief comparison of the efficiency charactesstf¢he compared algorithms
(Sect. 6.2).

We compare the non-canonical approach to one canonicaithlgdy experiment.
Because of the restrictions of the cluster approach (cft. 4e2), we have chosen the
counting algorithm as representative of canonical algor# for our practical analysis.
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Fig. 9. Memory requirements in our practical experiments in cas€ of 0.3, op” = 0.5 and
|s| = 1,000,000 (cf. Fig. 6(a) for theoretical results in the same scenario)

This allows the generalization of our results to other sg#tithan equality predicate-
based application areas and areas dealing with less predazhundancy than assumed
by the cluster approach. Furthermore, the counting algoris more space efficient
than the cluster approach (cf. Fig. 4, Fig. 5, and Fig. 6). pmegctical implementation,
the cluster approach without efficiently supported unstipgons and the counting ap-
proach show nearly the same memory requirements [6].

6.1 Practical Analysis of Memory Requirements

In this section, we compare the memory requirements of thatomy algorithm and the
non-canonical approach. Our implementations of theseigigas follow our descrip-
tions in Sect. 5.3.

In our experiments, we aim at verifying our results shownig B(a), i.e., in case
of op” = 0.5. Here we present the memory usage of the required datagtedétin
case of1, 000, 000 registered subscriptions with a growing number of preéisater
subscription|p| and a growing number of disjunctively combined elementsrafon-
versionS,. For the parametet” (relative number of conjunctive elements per predicate
after conversion), we have chosen to present the gdses).3 ands” = 0.7.

Our results are presented in three-dimensional figuresir&ig(a) shows both al-
gorithms in case of” = 0.3; Fig. 10(a) presents the casesf= 0.7. The x-axes in
the figures represent the number of predicates per suliearjpt ranging froms to 50,
and z-axes show the number of disjunctively combined el¢srefter conversiol in
the range ofl to 5. The actually required amount of memory for holding the el
data structures is illustrated at the y-axes of the figures.

There are two surfaces shown in each of the figures. The brighes illustrate the
behaviors of the counting algorithm; the darker ones remiethe non-canonical ap-

11 \We show the total memory requirements of our filtering process to allothéincorporation
of all influencing parameters, e.g., heap management structures.
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Fig. 10. Memory requirements in our practical experiments in cas€ 6f 0.7, op” = 0.5 and
|s| = 1,000,000 (cf. Fig. 6(a) for theoretical results in the same scenario)

proach. As expected (and shown in our theoretical analfrgs)on-canonical approach
does not change its memory usage with growing numbers afrdisyely combined
elements after conversid,. Thus, its surface does always show the same memory re-
quirements (y-axis) regardless 8f (z-axis), e.g, approX@00 MB in case ofjp| = 50.
This holds for both figures, Fig. 9(a) and Fig. 10(a), sina iemory requirements
of the non-canonical approach are independeni”ofThe counting algorithm, how-
ever, shows increasing memory requirements with growinglrars of disjunctively
combined elements after conversiSnas showed in (2). Furthermore, according to (2)
increasings, (and thus increasing’) results in advanced space usage, e.g., apffox.
MB of memory in case ofp| = 50, S = 3 ands” = 0.3 compared to approx.200
MB of memory in case ofp| = 50, S; = 3 ands” = 0.7 for the counting approach.

As depicted in our theoretical comparison in Fig. 6(a), ¢hexists a point of inter-
changing memory requirements of canonical and non-caabalgorithms. This turn-
ing point is denoted by a cutting of the surfaces of the twotlgms. In Fig. 9(a) this
cutting occurs a; ~ 4, and in Fig. 10(a) it happens &t ~ 2. To exactly determine
the point of cutting surfaces, we present a top view of theaktimensional diagrams
in Fig. 9(b) and Fig. 10(b), respectively. Figure 9(b) shokaeat we can find the turning
point betweenS, = 3 andS; = 5 for s" = 0.3 dependent on the number of predi-
cates per subscriptidp|. Fors™ = 0.7 (Fig. 10(b)), it is always located slightly below
Ss = 2.

Comparing these practical results to our theoretical tesnlFig. 6(a), we realize
that our theoretical analysis has predicted nearly the daghavior of the two algo-
rithms: Even if only two §” = 0.7) or four (s" = 0.3) disjunctively combined elements
S, are created by canonical conversions, a non-canonicabagpipris favorable. Thus,
our practical experiments verify our theoretical resuttd ahow their correctness even
in case of a certain practical implementation: The usagelyfane disjunction in sub-
scriptions leads to a beneficial behavior of the non-cambmigproach.
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Fig. 11. Influence of predicate redundaney on the algorithms in case ¢§| = 1,000, 000,
op” =0.5ands” =0.3

Practical Analysis of Influences of Redundancyln our theoretical analysis we have
shown that predicate redundancy does not influence the memory requirements of
algorithms. However, in a practical realization this pnape&oes not hold.

The influence of predicate redundangyon our implementation is illustrated in
Fig. 11. The ordinates show an increasing number of prezigaér subscriptiolp|,
abscissae are labeled with the required memory in MB. Inetkieriment we have reg-
istered1, 000, 000 subscriptions. Further characterizing parametersglie= 0.5 and
s” = 0.3. The behavior of the non-canonical approach with varyiregdfmate redun-
dancy is shown in Fig. 11(a), and the counting algorithm éspnted in Fig. 11(b) for
different numbers of disjunctively combined elementsradtenversionS, and varying
predicate redundanay,. In our figures, we diversify, betweer0.0 and0.5.

Both algorithms show decreasing memory requirements witheasing-,. This
behavior results out of the decreasing memory overhead iractipal implementa-
tion: Both algorithms utilize a predicate subscriptioncasation table, which requires
a dynamic implementation causing more memory usage. Gindm each regis-
tered unique predicate the number of subscriptions andragydias to be stored (cf.
Sect. 5.3). If there are less unique predicates, which isethby predicate redundancy,
the amount of memory overhead decreases. Thus, the totabmeasquirements of
both algorithms decrease as observable in Fig. 11.

6.2 Practical Analysis of Efficiency

We are aware of the correlation between memory usage and=filieiency of filtering
algorithms: The most space efficient algorithm cannot Hzed in practice if it shows
poor time efficiency. Vice versa, time efficient solutiong.e[7], might become inap-
plicable in practice due to their memory requirements [Blug, in our analysis we also
compared the time efficiency of the counting (CNT) and the-camonical approach
(NCA) to confirm the applicability of the non-canonical apach in practice. In our
experiments, we only have to compare the time efficiency bEetiption matching,
since the predicate matching step is the same in both igwsit Time efficiency is
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Fig. 12. Influence of the number of subscriptiofig on the counting algorithm (CNT) and the
non-canonical approach (NCA) for varying predicate numhgrgredicate redundanay,, and
disjunctively combined elements after conversin

represented by the average filtering time for subscriptiatciring for one event, i.e.,
increasing times denote decreasing efficiency. We ran quere@rents several times in
order to obtain negligible variances. Thus, in the follogviigures we only show the
mean values of filtering time.

Figure 12 shows the influence of the number of subscriptiegstered with the
pub/sub system. In Fig. 12(a), we used 10 predicates pecsptisn (p| = 10),
Fig. 12(b) illustrates time efficiency in case of 30 predésgter subscriptiony| = 30).
We show the behavior of the counting algorithm for the twees#s = 4 and.S, = 8.
Predicate redundancy is chosen with = 0.0 andr, = 0.5, respectively. We also
show the non-canonical approach assuming the worst cas@ibeh.e., if a candidate
subscription is evaluated, its whole Boolean expressianddyzed. Thus, always entire
subscription trees are tested in our experiments. In thpemxent we have increased
the number of fulfilled predicates per event with growing subscription numbers:
pe = el lje., p, = 20,000...200,000 andp. = 60,000...600,000 in Fig. 12(a)
and Fig. 12(b), respectively. We have chosen the mlnlmumtmumf fulfilled predi-
cates required for matchin@,,.,,| with 5 in case ofjp] = 10 and with 10 in case of
|p| = 30.

Figure 12 illustrates the average filtering times at theratlis. Both algorithms
show linearly increasing filtering times in case of growin@scription numbers. In case
of S; = 8 and|p| = 30 (cp. Fig. 12(b)), the counting algorithm requires more mgmo
than available resources (resulting in sharp bends in survaus, the operation system
starts page swapping resulting in strongly increasingifiltetimes in case of more than
700, 000 and800, 000 subscriptions (according tg, cf. Sect. 6.1). Generally, increas-
ing predicate redundanay, leads to growing filtering times for both algorithms in the
evaluated setting. This is due to the fact of more candidateiptions required to be
evaluated (non-canonical algorithm) and more counterg fadreased in the hit vector
(both algorithms). The counting algorithm in casesqQf = 8 shows always the worst
time efficiency. According to the number of predicafglseither the non-canonical ap-
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Fig. 13.Influence of the number of predicatgs on the counting algorithm (CNT) and the non-
canonical approach (NCA) for varying numbers of fulfilled predisater evenp., disjunctively
combined elements after conversisg and fulfilled predicates required for matchifg, x|

proach (Fig. 12(b)) or the counting algorithm with = 4 (Fig. 12(a)) are the most
efficient filtering approaches (nearly on par with the retipe®ther approach).

The influence of the number of predicates per subscrigipis shown in Fig. 13.
We present two different settings: In Fig. 13(a), it holds= 50, 000 (fulfilled predi-
cates per event); Fig. 13(b) shows the casg.of 1,000, 000. For the non-canonical
approach we analyzed two different settings: The minimumlimer of fulfilled predi-
cates required for matching,,..| is chosen with 5 and 10, respectively. The counting
approach is presented in two variants with = 4 and.S; = 8. In this experiment,
1,000, 000 subscriptions are registered.

Again, sharp bends in the curves in Fig. 13 denote the poimtxbhusted main
memory resources. The non-canonical approach shows thedsability and is fol-
lowed by the counting approach in caseSgf= 4. We can also observe improved time
efficiency in the non-canonical approach in case of a highenber of minimally re-
quired fulfilled predicatef,....|. This effect becomes more apparent with a high value
of p. (Fig. 13(b)) due to the fact that more candidate subscriptiequire evaluation.
In case of a small number of fulfilled predicates per eyenthe counting approach (in
case ofS; = 4) is more efficient than the non-canonical approach; largelbrrs ofp,
clearly favor the non-canonical approach. The reason fettbhavior is the increased
number of hits (incrementing the hit vector) in the countigproach due to canonical
conversions.

Our efficiency analysis shows that the counting and the ramoiical approach
perform similarly in case of increasing problem sizes (nambf subscriptions and
number of predicates). In some cases, the counting appsbaets slightly better time
efficiency. Other settings favor the non-canonical apgroét case of large values of
S,, the non-canonical approach shows both better time ancesgfficiency. Thus, a
non-canonical solution offers better scalability projerin these situations. The mea-
sured values regarding the non-canonical approach diffier {3] due to our variations
to the setting and the algorithm (cf. Sect. 2.2).
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7 Conclusions and Future Work

In this paper we have presented a detailed investigatiowafctasses of event filter-
ing approaches: canonical and non-canonical algorithras first step we introduced
a characterization scheme for qualifying primitive sulpg@ns in order to allow for
a description of various practical settings. Based on ttliese, we thoroughly ana-
lyzed the memory requirements of three important eventifilgealgorithms (counting
approach [2,14], cluster approach [6, 8], and non-canbmipgproach [3]). We com-
pared our results to derive conclusions about the circumstaunder which canonical
algorithms should be preferred in respect to memory usagenduich settings favor
non-canonical approaches: Only one disjunction in supseris might result in less
memory requirements for non-canonical than for canoniiait®ns.

To show the applicability of our theoretical results in agtigal implementation,
we proposed an implementation for the required data strestio investigate memory
requirements by experiment. This practical evaluatiomntyeverified our theoretical
results: Even when conversions to canonical forms resubinly two canonical sub-
scriptions (i.e., one disjunction per subscription is gsadhon-canonical approach is
favorable.

We also correlated the memory requirements of the prattianhlyzed algorithms
to their filter efficiency. Generally, non-canonical algbms show approximately the
same time efficiency as canonical ones. In case of increasimbers of disjunctions
in subscriptions, the time efficiency of non-canonical aaghes improves compared
to canonical solutions. In this case, a non-canonical agr@lso shows much better
scalability properties as demonstrated in our analysisehory requirements. Thus, if
subscriptions involve disjunctions, non-canonical allpons are the preferred class of
filtering solutions due to their direct exploitation of sabiptions in event filtering.

For future work, we plan to describe different applicatioprsarios using our char-
acterization scheme. A later analysis of these scenaritb@law conclusions about
the preferred filtering algorithm for these applications ®Wso plan to further extend
the non-canonical filtering approach to a distributed atgor.
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