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Abstract 

Content-based publish/subscribe systems allow 
information dissemination and fine-grained in-
formation filtering in loosely coupled distributed 
systems. Stateless publish/subscribe systems 
send notifications to all subscribers whose sub-
scriptions match an incoming publication. State-
persistent publish/subscribe systems, a recently 
proposed model that stores the states of both 
publications and subscriptions, only send notifi-
cations upon state transitions. The information 
filtering process requires an efficient matching 
algorithm with high throughput and scalability. 
Although there have been studies on matching 
algorithms for stateless publish/subscribe sys-
tems, the matching problem for state-persistent 
publish/subscribe systems is still an open re-
search problem. This paper presents a novel con-
tent-based matching algorithm and its data struc-
tures for state-persistent publish/subscribe sys-
tems. We will also present the complexity analy-
sis and results of simulations that validates the 
analytical predictions.  

1 Introduction 

In a publish/subscribe system, publishers are 
information providers and subscribers are infor-
mation consumers. Publishers send information 
in the form of publications to a broker, which 
acts as a mediator between the publishers and 
subscribers. Subscribers maintain a set of sub-

scriptions at the broker, indicating situations in 
which they would like to be notified. A broker 
uses the publications and subscriptions to decide 
when to send notifications and who should re-
ceive them.  

Algorithms used at a broker to compare publi-
cations with subscriptions and to determine 
which subset of subscribers requires notifications 
are commonly known as matching algorithms. 
Matching algorithms are dependent on the data 
model used by the publish/subscribe system. A 
data model defines how information is repre-
sented and structured in the system. In channel-
based publish/subscribe systems, for instance, 
subscribers subscribe to channels and receive all 
publications published to these channels. Topic-
based publish/subscribe systems structure infor-
mation in hierarchical structures that categorize 
information by their topics and level of granular-
ity. The relationships between topics can be de-
duced by their relative positions in the topic hi-
erarchy. Solutions for channel-based or topic-
based publish/subscribe systems have matured, 
resulting in several academic and industrial-
strength solutions. TIBCO Rendezvous [8], im-
plementations of CORBA Notification Service 
[14] and Java Messaging Service [11] all fall into 
the channel-based or topic-based categories. 

Another alternative, and a much more flexible 
model, is the content-based model. In a content-
based publish/subscribe system, subscriptions 
are specified as expressions evaluated over the 
publication contents. This approach provides 
more expressive power to filter publications and 
is more easily customized for individual sub-
scribers. The increased expressiveness comes 
with the cost of a higher complexity in the 
matching algorithm. Many application domains 
of publish/subscribe systems have a high event 
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rate and a large number of subscriptions. A 
highly optimized matching algorithm is required 
to achieve a high throughput and to scale up to 
support a larger number of users. The more ex-
pressive are the subscription languages, the 
higher is the computational complexity of the 
matching algorithm. Hence, the desire to provide 
a more flexible subscription language and the 
need to improve the performance of the system 
are two contradicting goals. It is therefore impor-
tant for publish/subscribe systems to strike a 
balance between performance and expressive-
ness allowed for publications and subscriptions. 

The design of efficient, content-based match-
ing algorithms has been an active research topic. 
Many algorithms have been proposed 
[2,3,4,10,12]. These algorithms use different data 
structures and try to optimize the algorithms by 
imposing restrictions on the expressiveness of 
content-based subscriptions. A commonality 
between the existing algorithms is that they are 
all designed for stateless publish/subscribe sys-
tems. Recently, the subject space model, a state-
persistent model for publish/subscribe systems, 
has been proposed to be a more elegant model 
that can overcome limitations of traditional pub-
lish/subscribe systems [6]. A state-persistent 
publish/subscribe system stores the values of 
both publications and subscriptions, and main-
tains the states between each pair of publication 
and subscriptions. It only sends notifications 
upon state transitions. The requirements of a 
state-persistent publish/subscribe system bring 
additional challenges to the already complicated 
stateless matching problem. The major contribu-
tion of this paper is to present the algorithms and 
data structures required for solving the state-
persistent matching problem.  

The advantages of the proposed algorithms 
over existing algorithms and the contributions of 
this research are: 
a) Publications can specify range values. All 

existing content-based matching algorithms 
assume values of publications are point data.  

b) The algorithm does not give precedence on 
equality predicates to optimize performance, 
as many existing algorithms do. This algo-
rithm performs equally well on equality 
predicates and range queries.  

c) The subject space model and the matching 
algorithm distinguishes between inserting a 
new publication and updating an existing 

publication in the publish operation. Perform-
ance evaluation has shown that the update 
operation performs much better than the in-
sertion operation. This is an advantage of the 
state-persistence and existing pub-
lish/subscribe systems cannot support this 
feature.  

d) The complexity of the matching algorithm for 
the subject space model is independent of the 
total number of subscriptions of the system 
but is sensitive to the usage behaviors. This 
property of the algorithm allows a pub-
lish/subscribe system to scale up to support a 
large number of users. 

This paper is organized as follows: Section 2 
gives a more detailed discussion on state-
persistence in publish/subscribe systems. Section 
3 gives a concise definition of the subject space 
model as the background of this study. Section 4 
describes the matching problem for state-
persistent publish/subscribe systems. Sections 5 
and 6 present the algorithms and data structures 
for indexing states and values. Section 7 presents 
the algorithms for the operations in a state-
persistent publish/subscribe system. Sections 8 
and 9 present the analytical and empirical per-
formance evaluation of the proposed algorithm 
and show how this algorithm is superior to exist-
ing content-based matching algorithms.  

2 Persistence in 
Publish/Subscribe Systems 

Persistence is an important, yet overlooked, as-
pect of publish/subscribe systems. It refers to the 
storage of data and states of publish/subscribe 
systems. There are two types of data in a pub-
lish/subscribe system – publications and sub-
scriptions. A system that only makes publica-
tions persistent behaves exactly like a conven-
tional database, since subscriptions can only be 
executed once. The definition of a pub-
lish/subscribe system therefore requires that sub-
scriptions be made persistent, but the persistence 
of publications is optional. States in a pub-
lish/subscribe system refer to the relationships 
between publications and subscriptions. Any 
given pair of publication and subscription can 
either be in the state of a match or mismatch.  



 

2.1 Stateless 
Publish/subscribe systems have traditionally 
saved neither the contents of publications, nor 
the states between publications and subscrip-
tions. Most existing publish/subscribe systems 
are designed as stateless messaging systems. The 
objective of stateless systems is to deliver mes-
sages from publishers to subscribers. The con-
tents of messages may be used as information for 
deciding who should get the messages, but the 
system does not keep them for future use. 

Subscriptions in stateless publish/subscribe 
systems are queries for future data. Since the 
stateless publish/subscribe systems do not retain 
information on past information, it will only no-
tify the subscriber about future messages that 
match the subscription.  

Although publish/subscribe systems that only 
store subscriptions in the system are quite com-
mon and relatively easy to build when compared 
to data/state-persistent publish/subscribe sys-
tems, stateless publish/subscribe systems have 
limitations that prevent them from working effi-
ciently or correctly in some application domains. 
Two limitations of stateless publish/subscribe 
systems are discussed below. 
1. Without data persistence, a stateless pub-

lish/subscribe system does not allow pub-
lishers to publish a subset of the event at-
tributes. Being able to publish only a subset 
of the event attributes is important because it 
can reduce network traffic and increase sys-
tem efficiency by not republishing the val-
ues of attributes that have not been modi-
fied. In other words, stateless systems do not 
support update operations on published data. 

2. Due to the lack of state-persistence, stateless 
publish/subscribe systems may result in a 
large amount of redundant notifications. Re-
dundant notifications result because the up-
date of the values in a publication or sub-
scription may not necessarily change the 
states between them. 

2.2 Data Persistence 
With data persistence, all messages/events re-
ceived by the broker component are stored, 
forming an event history. Publish/subscribe sys-
tems that allow data persistence store the data of 
both publications and subscriptions. This data-

base capability sets it apart from pure messaging 
systems. Data is exchanged in the form of persis-
tent objects, not transient messages.  

Under the data persistence model, subscrip-
tions can query on events both in the past and the 
future. Notifications sent to subscribers can con-
tain existing information stored in the system 
that matches the requirement of the subscrip-
tions. If events that match the subscriptions oc-
cur in the future, the subscriber will also be noti-
fied. Event correlation and causality reasoning 
can involve past and future events. Since histori-
cal data is available, publications just need to 
send updated information and do not need to 
resend unchanged data. Hence, the first limita-
tion of the stateless model can be overcome.  

It is common to use conventional relational 
databases as offline storage systems. Pub-
lish/subscribe implementations with message 
queues [7] or tuple space infrastructures [13] can 
also provide data persistence. The continuous 
sequence of messages entering the broker com-
ponent of the system is referred to as a data 
stream. However, traditional databases are nei-
ther designed to store data streams efficiently, 
nor do they perform continuous queries on data 
streams. The STREAM research project from 
Stanford University [15] studies techniques for 
special storage management and query process-
ing for data streams.  

Although publish/subscribe systems under the 
data persistence model exhibit database behav-
iors, there is very little or no support for data 
update or deletion operations. Message queues 
and tuple space do not allow the update opera-
tion on stored data. These systems therefore be-
have like an append-only database. Although 
publications may serve to inform the system of a 
new piece of information, or to update the value 
of a stored record, the system does not distin-
guish between these two operations, and always 
appends the publication to the data as a new en-
try. Theoretically, append-only behavior implies 
that both the storage space of the system and the 
size of a notification are unbound, and thus poses 
implementation challenges. In practice, publica-
tions that are received more recently have more 
relevance and are more likely used to evaluate 
subscriptions. The system should discard older 
events without compromising the ability to 
evaluate continuous queries. A related problem 
of data expiration is studied in the context of 
data warehousing [5]. 



 

2.3 State Persistence 
A state-persistent publish/subscribe system 
stores the states of publications and subscrip-
tions. The state of a publish/subscribe system can 
be deduced from the historical data. The rela-
tionship between publications and subscriptions 
form the state of a publish/subscribe system. The 
relationship of a publication with respect to a 
subscription refers to whether it is a match with 
the subscription. Similarly, the relationship of a 
subscription with respect to a publication refers 
to whether it is a match with the publication.  

In the stateless and data persistent pub-
lish/subscribe systems, the broker component 
notifies all subscribers whose subscriptions 
match with each incoming publication. In state-
persistent publish/subscribe systems, however, 
the broker should only send notifications of a 
publication to those subscribers whose subscrip-
tions undergo state transitions in the relationship 
with the publication. In other words, the broker 
component only notifies subscribers of publica-
tions that enter the states specified by their sub-
scriptions.  

State-persistent publish/subscribe systems 
have advantages over systems with data persis-
tence only. Many applications only require that 
the most current value be kept, but not the event 
history. In geographical information systems, for 
example, if the requirement is to track the 
current locations of some moving entities, only 
the most updated version of the location 
information need to be stored, but not the event 
history. Since the location information is updated 
very frequently, persisting the data may result in 
storing a lot of useless information, and hence 
wasting much storage space. Unless the paths of 
movements are required for future use, storing 
the current values and the state information of 
publications and subscriptions is sufficient.  

3 The Matching Problem 

This section presents the formal problem state-
ment, which is based on a refined version of the 
subject space model [6]. The subject space 
model defines the representation of information 
in state-persistent publish/subscribe systems. The 
matching algorithms are used to support the op-
erations in subject spaces. 

3.1 The Subject Space Model 
We first look at the definitions of the subject 
space model. Under the subject space model, 
information is structured by subject spaces, 
which are metadata of the system. Intuitively, 
subject spaces are multidimensional spaces and 
data form regions in these spaces. Publications 
and subscriptions are declared as a correlation of 
the regions in the subject spaces. 

Subject space 
A subject space is a grouping for related publica-
tions and subscriptions that can be described by 
the same set of properties, and each dimension 
represents a property. We define a pub-
lish/subscribe system to be a set of subject 
spaces Σ = {σ1, σ2, …, σk}. The set of subject 
spaces is used for categorizing information in a 
publish/subscribe system. Subject spaces are the 
metadata of a publish/subscribe system and they 
help describe the values and relationships of 
publications and subscriptions.  

Each subject space is defined as a tuple σ = 
(Dσ, Vσ), where Dσ = {d1, d2, …, dn} is the set of 
dimensions of the subject space and Vσ is the set 
of values allowed in this space. A subject space 
is a multidimensional space. Each dimension is 
defined as a tuple d = (name, type) where name 
is the unique identifier of the dimension, and 
type is a data type. Each dimension d has a do-
main of values, dom(d), which is the set of all 
possible values that can be represented by type. 
This model allows each dimension of the multi-
dimensional space to have a different domain. 
Examples of dimension data types include real 
numbers, integers, strings, Booleans and enu-
merated values. User-defined data types that are 
subsets of these data types are also possible. The 
domain of a subject space is the Cartesian prod-
uct of the domains of its dimensions. Vσ = 
dom(d1) × dom(d2) × … × dom(dn). 

Region 
Data exist in subject spaces in the form of re-
gions. Intuitively, data or regions occupy some 
volume within a subject space. Formally, a re-
gion is defined as a tuple r = (Cr, rVσ ). Cr = {c1, 
c2, …, cj} is the set of constraints of r. A con-
straint is a subset of the domain of a given di-
mension. The set of values of constraint c in di-
mension d is denoted as dom(cd), i.e. dom(cd) ⊆ 



 

dom(d). rVσ  is the set of values of region r with 
respect to subject space σ. rVσ  can also be in-
terpreted as the spatial extension of region r with 
respect to σ. Denote the set of dimensions of Cr 
as 

rCD . Let 
rCD ∩ Dσ = {

1i
d , 

2i
d , …, 

pi
d }, 

and Dσ rCD = {
1pi

d
+

, 
2pi

d
+

, …, 
ni

d }. If
rCD ∩ 

Dσ ≠ ∅, then rVσ = dom(
1idc ) × … × dom(

ipdc ) × 

dom(
1pi

d
+

) × … × dom(
ni

d ). Otherwise, rVσ  = 

∅. A region r is said to be valid in σ if rVσ  ≠ ∅. 
A region can be valid in multiple subject spaces.  

Object Regions and Interest Regions 
There are two types of regions – interest regions 
and object regions. They have the same defini-
tions as a region but they have different seman-
tics. An interest region represents the set of val-
ues within the subject spaces a subscriber is in-
terested in. I denotes a set of interest regions, 
and i represents a particular interest region in I. 
An object region represents values a publisher 
provides, the state of an entity that may be of 
interest to one or more subscribers. O denotes a 
set of object regions, and o represents a particu-
lar object region in O.  

Matching Relations Between Regions 
Regions are spatial extensions within the subject 
spaces. Intuitively, two regions match if they 
overlap each other. Define m as a relation be-
tween regions r1 and r2 such that r1 matches r2. 
Formally, r1 m r2 iff 1rVσ  ∩ 2rVσ ≠ ∅. 

Filter 
A filter is an integral part of both publications 
and subscriptions. The definition of a filter ap-
plies to both publications and subscriptions. A 
filter is expressed as  

{R | ∃ r1, r2, …, rn ∈R : P(r1, r2, …, rn)}. 
R = {r1, r2, …, rm} is a set of regions and P(r1, r2, 
…, rn) is a boolean function that takes a number 
of regions as variables. The expression repre-
sents the set of R such that P is true. 

Subscription 
A subscription specifies conditions for notifica-
tions. A subscription S is defined as a tuple S = 
(IS, fS). IS is a set of interest regions that repre-
sents the constraints of the subscription. These 

interest regions can be in different subject 
spaces. fS is an expression that represents the set 
of sets of object regions that satisfy the condi-
tions indicated by the rule of the filter. fS = {O | 
∃ o1, o2, …, on ∈O : P(o1, o2, …, on)}. 

Publication 
A publication targets content to a subset of the 
subscribers. A publication P is defined as a tuple 
P = (OP, fP). OP is a set of object regions that 
represents the constraints of the publication. 
These object regions can be in different subject 
spaces. fP is an expression that represents the set 
of sets of interest regions that satisfy the condi-
tions indicated by the rule of the filter. fP = {I | ∃ 
i1, i2, …, in ∈I : P(i1, i2, …, in)}. 

Matching Relations Between Publications 
and Subscriptions 
Define M as a relation between a publication P 
and a subscription S, such that P matches S.  
(P, S) ∈ M iff ∃R⊆IS : R∈ fP ∧ ∃R⊆OP : R∈ fS. 
In order for a publication to match a subscrip-
tion, some object regions of the publication must 
satisfy the subscription filter, and some interest 
regions of the subscription must satisfy the pub-
lication filter. If either of these two conditions is 
not met, this pair of publication and subscription 
is not a match. This demonstrates the symmetric 
property of publish/subscribe systems.  

Notification Semantics 
In a state-persistent publish/subscribe system, a 
broker only sends notifications upon state transi-
tions. In other words, the broker sends notifica-
tions to a subscription S if a publication-
subscription pair (P, S) is added to or removed 
from M. 

State transitions can take place in several 
situations, include adding a publication or sub-
scription, updating a publication or subscription, 
and deleting a publication. Note that no notifica-
tion needs to be sent if a subscription is deleted 
from the system. Below, we look at each of the 
operations that may trigger state-transitions and 
specify who should get the notification, if any, 
and what is the content of the notifications. 

After adding a publication P, send notifica-
tions to all subscriptions in QP(P). The content 



 

of the notification is P – the new publication. 
Define function QP as a mapping from a publica-
tion P to the set of subscriptions that matches P. 
Formally, QP(P) = {S | ∀S∈S : (P,S)∈M}. 

After adding a subscription S, send notifica-
tion to the subscription S if QS(S) is non-empty. 
The content of the notification is QS(S) – the set 
of all existing publications that satisfy the new 
subscription. Define function QS as a mapping 
from a subscription S to the set of publications 
that matches S. Formally, QS(S) = {P | ∀P∈P : 
(P,S)∈M}. 

After updating a publication P, send notifica-
tions to subscriptions in ( )t

PQ P . The content of 
the notification is P – the updated publication. 
After updating a publication P, the system 
should notify the subscriptions that have become 
matches with P. Let the update take place at time 
t. Assuming the time domain to be discrete, de-
fine function t

PQ  as a mapping from a publica-
tion P to the set of subscriptions that were not in 
QP(P) when evaluated at t–1 and are members of 
QP(P) when evaluated at t. Formally, 

( ) ( ) ( )
1

t
P P Pt t

Q Q Q
−

=P P P . 

After updating a subscription S, send notifica-
tion to S if ( )t

SQ S  is non-empty. The content 

of the notification is ( )t
SQ S  – the set of publi-

cations that just became satisfied by the sub-
scription after the update. After updating a sub-
scription S, the system should notify the updated 
subscription about publications that have become 
matches with S. Let the update take place at time 
t. Assuming the time domain to be discrete, de-
fine function t

SQ  as a mapping from a subscrip-
tion S to the set of publications that were not in 
QS(S) when evaluated at t–1 and are member of 
QS(S) when evaluated at t. Formally, 

( ) ( ) ( )
1

t
S S St t

Q Q Q
−

=S S S . 

3.2 The Matching Problem 
Given the definitions of the subject space model 
in the previous section, the matching problem in 
a state-persistent publish/subscribe system is to 
store the values of publications and subscriptions, 
index the relationships between them, and to 
detect state transitions. Essentially, the matching 

algorithm is for deciding when to send notifica-
tions, which subscribers should receive notifica-
tions, and what to notify about, using the defini-
tions of publications and subscriptions and their 
interactions. Unlike the stateless case, the fact 
that a publication matches a subscription, i.e. (P, 
S) ∈ M, is not a sufficient condition for sending 
a notification. Notification is sent when a pair of 
publication and subscription is added or removed 
from the relation M. 

4 Operation Algorithms 

The solution for the matching problem has two 
phases: filtering and refinement. In the filtering 
step, the broker uses the indexes to find a set of 
candidate publications or subscriptions to be 
used for evaluating the filter. Since operations on 
publications and subscriptions are symmetrical, 
we use the operations on publications to explain 
the filtering process without loss of generality. If 
a publication is to be added, updated or deleted, 
the filtering step eliminates subscriptions that 
will by no means become a match with this pub-
lication. The process narrows down the choices 
of subscriptions that will be used as parameters 
when evaluating the filter of the publication fP. A 
good indexing algorithm should help perform the 
filtering process efficiently, and come up with a 
necessary and sufficient set of candidate sub-
scriptions.  

The refinement process will return a notifica-
tion set, which is the set of subscriptions to be 
notified, or the set of publications to be included 
in the notification. Consider operations on publi-
cations. For each subscription from the result set 
of the filtering step, determine whether the pub-
lication-subscription pair is in the matching rela-
tion M. If (P, S) ∈ M, S will be added to the 
result set. Similarly, for operations on subscrip-
tions, P will be added to the result set if (P, S) ∈ 
M. Filters for both publication and subscription 
will be evaluated. If conditions of the publication 
and the subscription are satisfied, they are 
matched. Otherwise, we have a false drop.  

The five operations supported by the subject 
space model were described and defined in Sec-
tion 4. The functions QP(P), QS(S), ( )t

PQ P , 
( )t

SQ S and ( )
t

PQ P determine which subscribers 



 

should receive the notification and what is the 
information contained in the notification. Each 
of these operations may trigger state transitions, 
and each of them requires a different “matching 
algorithm”. The algorithms of QP(P) and 

( )t
PQ P  are given Figures 1 and 2. Since publi-

cations and subscriptions are symmetrical, QS(S) 
and ( )t

SQ S  can be obtained by inverting the 
roles of object regions and interest regions of 
QP(P) and ( )t

PQ P  respectively. ( )
t

PQ P is 
identical to QP(P) except that the message of the 
notification is about deletion, as opposed to in-
sertion, of a publication.  

Algorithm QP(P) 
Input: Publication P = (O, fP) 
Output: Notification set N – the set of matching subscrip-
tions 
Local Variables: Let I be the set of interest regions that 
matches O, and let S be the set of candidate subscriptions. 
(1) I = ∅ 
(2) N = ∅ 
(3) For each o ∈ O do 
(4)  I ← I ∪ {I' | ∀i ∈ I', i m o} 
(5) EndFor 
(6) S = {S | S = (I', fS), ∃ i ∈ I' : i ∈ I} 
(7) For each S in S,  
(8)  If ((P, S) ∈ M) then 
(9)  N ← N ∪ {S} 
(10) EndIf 
(11) EndFor 

Figure 1 Algorithms for adding a publication (QP) 

Algorithm t
PQ (Pupd) 

Input: The updated publication Pupd = (Oupd, fP(upd)) 
Output: Notification set N – the set of subscriptions that was 
not a match with the publication before the update but will 
become a match with the publication after the update. 
Local Variables:  
Let Pold = (Oold, fP(old)) be the state of the publication before 
update. 
Let O' be the set of object regions that has been updated or 
newly included in the publication. 
Let I be the set of interest regions that have undergone a 
state transition in the relationship with O'. 
Let o'old and o'new be the states of an object region before and 
after update. 
Let S be the set of candidate subscriptions. 
(1) I = ∅, N = ∅ 
(2) O' = Oupd  Oold, 
(3) For each o' ∈ O' do 
(4)  I ← I ∪ {I' | ∀i ∈ I', i m o'new ∧ (i, o'old) ∉ m} 
(5) EndFor 
(6) S = {S | S = (I', fS), ∃ i ∈ I' : i ∈ I} 
(7) For each S in S,  
(8)  If ((Pupd, S) ∈ M) then 
(9)  N ← N ∪ {S} 

(10) EndIf 
(11) EndFor 

Figure 2 Algorithm for updating a publication ( t
PQ ) 

Lines 3 to 6 in both algorithms are executing 
the filtering step. The algorithms for gathering 
the candidate set for the addition and update op-
erations differ. For the addition operations (Fig-
ure 1), line 4 collects the set of all regions that 
match at least one of the regions that define the 
publication or subscription. Line 6 produces a set 
of publications or subscriptions whose defini-
tions include one or more of these regions, and 
this is the candidate set. In effect, the candidate 
set includes all subscriptions or publications that 
contain at least one region that matches a region 
of the publication or subscription to be added, 
respectively. The update operations, on the other 
hand, want to collect subscriptions or publica-
tions whose state with respect to the publication 
or subscription, respectively, may be changed 
after the update. Therefore, line 4 of the update 
algorithms (Figure 2) only collects regions that 
match with the newly added or updated regions 
of the publication or subscription to be updated.  

Lines 7 to 11 in each algorithm are executing 
the refinement step. These algorithms assume 
that filters are defined as conjunctive queries. 
The rule of a filter is evaluated to true if each 
object region or interest region has a matching 
interest region or object region, respectively. 
Evaluating (P, S) ∈ M requires that all object 
regions of P have matches and all interest re-
gions of S have matches. 

5 Indexing States 

This section presents an indexing technique for 
indexing the states between publications and 
subscriptions. The index is used in the filtering 
process by the subject space prototype.  

5.1 Index Characteristics 
Each index is responsible for indexing con-
straints along a dimension of the subject spaces. 
Recall that each dimension is associated with a 
data type that characterizes the data represented 
by that dimension. Index designs are dependent 
on data types. The index to be presented is de-



 

signed for dimensions whose data domains ex-
hibit a total order. Examples of data types that 
have total order include integers, natural num-
bers and real numbers.  

The subject space model defines a constraint 
as a subset of the domain of a given dimension. 
Although the use of sets is very powerful, set 
operations are very complex and inefficient. The 
implementation simplifies this matter by allow-
ing constraints to be defined as intervals of val-
ues only. An interval of a domain with a total 
order is the subset of the domain with values 
bounded by two indicated values. The imple-
mentation allows the end points of an interval to 
be inclusive or exclusive. Under the assumption 
that constraints are expressed as intervals, the 
index must be able to store interval values effi-
ciently, as opposed to data points only.  

Furthermore, the index should also store state 
information. When an interval is updated, the 
index can efficiently report the intervals that are 
overlapping with the updated interval, but were 
not overlapping with the interval before the up-
date.  

5.2 Concepts 
A one-dimensional interval can be represented as 
a point on a two-dimensional plane with the 
horizontal axis as the lower bound and the 
vertical axis as the upper bound (Figure 3). This 
transformation technique is studied by Seeger et 
al. in the context of spatial access methods [1]. 

All data points representing intervals should 
be in the upper left triangular portion of the 
plane, including the boundaries. The shaded tri-
angular portion in Figure 3 is meaningless be-
cause the lower bound cannot be greater than the 
upper bound. Point values in the dimension are 
situated along the diagonal of this plane, where 
the lower bound equals the upper bound. Points 
along the upper edge of the plane are intervals 
that are bounded by the lower bound only, such 

as (3,∞). Similarly, points on the left edge of the 
plane denote intervals that have an upper bound 
only, such as (−∞,5). Since object regions and 
interest regions coexist in the subject space, 
points representing the intervals for object re-
gions and interest regions in this dimension are 
shown in circles and crosses respectively. 

5.3 Solving the Intersection 
Reporting Problem  

Using this two-dimensional plane and the rela-
tive positions of the data points, it is easy to re-
port the set of intervals that overlap with a given 
interval. Figure 4 shows a point representing an 
interval and the corresponding area on the plane 
in which all intervals represented by points in 
that area intersect with the given interval in this 
dimension.  

In Figure 4a, the given interval is a point 
value. The rectangular shaded area indicates the 
values of all possible intervals that have lower 
bound values less than that of the given interval 
and upper bound values greater than that of the 
given interval. Hence, the given interval inter-
sects with all intervals in the shaded area.  

Figure 4b shows the situation where the given 
interval spans a range. Consider two intervals α 
and β. Let α have the range [αL, αU], and β have 
a range [βL, βU]. α intersects β if one of the fol-
lowing four conditions is satisfied: 
1. L Lα β≥ and U Uα β≤ ; or  
2. L Lα β≤ and U Uα β≥ ; or 
3. U Uα β≥ and L Uα β≤ and L Lα β≥ ; or 
4. L Lα β≥  and U Lα β≤  and U Uα β≥ . 

The shaded area in Figure 4b is partitioned 
into four areas to reflect each of the four condi-
tions above. Figure 4 has shown that given any 
interval in a dimension, all intervals overlapping 
the given interval can be found by gathering all 
points in the shaded area.  
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5.4 Indexing and Detecting 
State Changes 

When a point value is updated, it moves on the 
plane as it is being updated. Figure 5 shows the 
value of an interval changes from v to v′. All 
intervals represented by points in Area 1 have 
entered the updated interval; all intervals repre-
sented by points in Area 2 have left the range of 
the updated interval in this dimension. All inter-
vals in the unshaded area have no state transi-
tion.  

5.5 Data Structures 
For each dimension, the lower bound values and 
upper bound values are stored in two sorted in-
dexes. Since the data domains under considera-
tion are assumed to have total order, we may use 
any main memory data structures designed for 
storing and traversing sorted numbers.  

Each dimension of a subject space uses two 
skip lists [16] for indexing lower and upper 
bound values of intervals respectively. The in-
tervals are constraints of publications and sub-
scriptions in this dimension. Each node of the 
skip list consists of two sets – IR and OR. IR and 
OR are the sets of interest regions and object 
regions that have constraints with end points of 
the value of the key. End points with values of 
+∞ or −∞ are not indexed.  

The following is an example illustrating how 
to index object and interest regions. Consider a 
dimension d, object regions o1, o2, o3, and inter-
est regions i1, i2, i3.  

1oC ={d=[100,100]}, 
2oC = {d=(60,120))}, 

3oC = {d 

= [60,∞)}, 

1i
C ={d=[100, ∞)},

2i
C = {d = (−∞,100)}, 

3i
C = {d = 

[60,100]}. 
The data structure of dimension d consists of 

two lists, LB and UB, for indexing the lower 
bound endpoints and upper bound endpoints of 
the constraints respectively. Figure 6 illustrates 
the contents of the two lists. 

 

 
Figure 6 The content of a dimension index 

5.6 Implementation of the 
Filter Process 

Among the five algorithms presented in Section 
6.4.2, the filter process can be divided into two 
groups – stateless filtering and state-persistent 
filtering. Stateless filtering finds all regions that 
match with a given region. No state information 
is used. The filter process of QP(P), QS(S) and 

( )t

PQ P  use stateless filtering. The update op-
erations ( )t

PQ P  and ( )t
SQ S  use state-

persistent filtering because they require state 
information to determine regions that enter the 
matching relation as a result of the update.  

5.6.1 Stateless Filtering 
QP(P), QS(S) and ( )t

PQ P can use the same filter-

ing algorithm. Here, we use QP(P) as an example 
to illustrate the process. Line 4 of algorithm QP(P) 
in Figure 1 is  
 I ← I ∪ {I' | ∀i ∈ I', i m o}. 
This line tries to find all interest regions that 
match with the given object region o, which can 
be valid in multiple subject spaces. Let the set of 
subject spaces in which o is valid be Σo. The ob-
ject region o must then be compared with all in-
terest regions in Σo. With the knowledge of the 
underlying index data structures, this operation 
can now be explained in more details by algo-
rithm findAllMatchedInterestRegions in Figure 7. 
Algorithm findAllMatchedInterestRegions(o) 
Input: object region o 
Output: matchSet – the set of interest regions overlapping 
the object region o  
Local variable:  
MismatchSet – the set of interest regions not overlapping 
with o  
(1) MismatchSet = ∅ 
(2) Σo = {σ | o ⊆ Vσ} 
(3) I = {I | ∃ σ ∈ Σo, iVσ  ⊆ Vσ} 
(4) For each constraint c of o do 
(5)  Let d be the dimension of c 
(6)  mismatchSet ← mismatchSet ∪  

  collectInterestRegions(d, LB, c.upperBound, ∞) 
(7)  mismatchSet ← mismatchSet ∪  

  collectInterestRegions(d, UB, −∞, c.lowerBound) 
(8) EndFor 
(9) I ← I  mismatchSet 

Figure 7 Algorithm findAllMatchedInterestRegions 

Algorithm collectInterestRegion(d, list, fromValue, toValue) 
Input:  d – dimension  



 

 list – UB or LB 
 fromValue, toValue – 2 values on the list 
Output:  interestRegions – the set of interest regions with a 
constraint that has a bound within the range from fromValue 
to toValue 
Local variables: curNode – a temporary pointer to a node in list 
(1) If fromValue = −∞ then 
(2)  curNode ← first node in list 
(3) Else if fromValue = ∞ then 
(4)  Return interestRegions = ∅ 
(5) Else 
(6)  curNode ← first node in list with key ≥ fromValue 
(7) EndIf 
(8) While curNode exists and curNode.key ≤ toValue do 
(9)  If curNode.key = fromValue and fromValue is  

  exclusive then 
(10)    InterestRegions ← InterestRegions ∪ curNode.IE 
(11)  Else If curNode.key = toValue and toValue is  

  exclusive then 
(12)    InterestRegions ← InterestRegions ∪ curNode.IE 
(13)  Else 
(14)   InterestRegions ← InterestRegions ∪ curNode.II 
(15)   InterestRegions ← InterestRegions ∪ curNode.IE 
(16)  EndIf 
(17)  curNode ← the next node of curNode 
(18) EndWhile  

Figure 8 Algorithm collectInterestRegions 

The set I in line 3 of algorithm findAll-
MatchedInterestRegions is the set of all interest 
regions that are valid in Σo, the subject spaces 
that contain object o.  

Among the interest regions in I, some of them 
may have constraints that do not satisfy the con-
straints of object o. Using the indexes, lines 4 to 
8 come up with the set of all interest regions that 
contain constraints not satisfied by o. Line 9 
eliminates the set of interest regions that do not 
match with o from I. The resulting set I = {I' | ∀i 
∈ I', i m o}.  

Lines 6 and 7 make calls to a procedure called 
collectInterestRegions. The algorithm of collect-
InterestRegions is shown in Figure 8. Recall that 
each dimension is represented by a two-
dimensional plane and two skip lists are used to 
index the lower and upper bound values. Given a 
constraint of an object region, this procedure 
returns the constraints of interest regions that do 
not overlap with this constraint. 

5.6.2 State-Persistent Filtering 
The update operations of object regions and in-
terest regions require state information to find 
the set of regions whose relationships with a 
given region have undergone state transitions. 
Here, we use the update of an object region as an 

example. The interest regions to be included by 
the filter process are those that did not overlap 
with the given object region before the update, 
and will overlap with the given object region 
after the update. The operation is executed in 
line 4 of the algorithm of t

PQ  given in Figure 2 
as follows: 
I ← I ∪ {I' | ∀i ∈ I', i m o'new ∧ (i, o'old) ∉ m}.  
These interest regions must have a constraint 
specified in one of the dimensions that the object 
region is about to update. State-persistent filter-
ing can be done using the main memory index 
alone. Algorithm findNewlyMatchedInterestRe-
gions illustrates the process of solving the prob-
lem of finding the set of interest regions using 
the main memory index. 
Algorithm findNewlyMatchedInterestRegions(onew, oold) 
Input:  onew – the updated state of object region  
 oold – the state of the object region before update 
Output: newMatch – the set of interest regions that overlap 

with onew but not with oold  
Local variable: node – a pointer to a node on the skip list 
(1) newMatch = ∅ 
(2) For each constraint cnew of onew do 
(3)  Let d be the dimension of c 
(4)  Let cold be the constraint of oold in dimension d 
(5)  If cold.upperBound < cnew.upperBound then 
(6)   newMatch ← newMatch ∪  

   collectInterestRegions(d, LB, cold.upperBound,  
  cnew.upperBound) 

(7)  EndIf 
(8)  If cold.lowerBound > cnew.lowerBound then 
(9)   newMatch ← newMatch ∪  

   collectInterestRegions (d, UB, cnew.lowerBound,  
  clow.lowerBound) 

(10)  EndIf 
(11) EndFor 
(12) For each interest region i in newMatch 
(13)  If i has fewer constraints than o then 
(14)   For each constraint ci of i do 
(15)    Let co be the constraint of o in the same  

    dimension as ci 
(16)    If co exists and overlaps(ci, co) = false then  
(17)     newMatch ← NewMatch  {i} 
(18)    EndIf 
(19)   EndFor 
(20)  Else 
(21)   For each constraint co of o do 
(22)    Let ci be the constraint of i in the same  

    dimension as co 
(23)    If ci exists and overlaps(ci, co) = false then  
(24)     newMatch ← NewMatch  {i} 
(25)    EndIf 
(26)   EndFor 
(27)  EndIf 
(28) EndFor 
Figure 9 Algorithm findNewlyMatchedInterestRegions 



 

Algorithm overlap(c1, c2) 
Input: c1, c2 – two constraints 
Output: Boolean – true if c1 overlaps c2, false otherwise 
Local variable:  
(1) If c1 has an upper bound ≠ ∞ and c2 has an lower bound 

≠ −∞ then 
(2)  If upper bound of c1 is inclusive and  

  lower bound of c2 is inclusive and  
  lower bound of c2 > upper bound of c1then 

(3)    Return false 
(4)  Else If lower bound of c2 ≥ upper bound of c1 then 
(5)   Return false 
(6)  EndIf 
(7) EndIf 
(8) If c1 has an lower bound ≠ −∞ and c2 has an upper 

bound ≠ ∞ then 
(9)  If lower bound of c1 is inclusive and  

  upper bound of c2 is inclusive and  
  upper bound of c2 < lower bound of c1then 

(10)    Return false 
(11)  Else If upper bound of c2 ≤ lower bound of c1 then 
(12)   Return false 
(13)  EndIf 
(14) EndIf 
(15) Return true 

Figure 10 Algorithm overlap 

Section 6.6.2 explained how to use the index to 
detect state transitions. Figure 5 showed the ar-
eas on the two-dimensional plane representing 
each dimension that undergoes states transitions 
upon an update on a constraint. Lines 2 to 11 of 
algorithm findNewlyMatchedInterestRegions are 
for collecting all interest regions that have a con-
straint represented as a point in Area 1 on the 
plane of its corresponding dimension. With the 
knowledge of the values before and after update, 
we scan the skip list between these two values to 
collect the pointers of these interest regions. This 
task is done by algorithm collectInterestRegions, 
which is explained in Figure 8. The interest re-
gions in the set newMatch after the for loop 
from line 2 to 11 may contain interest regions 
that have one or more dimensions not overlap-
ping with the given object region. Lines 12 to 28 
of algorithm findNewlyMatchedInterestRegions 
are for removing these irrelevant regions from 
the set. We try to optimize the comparison by 
looping through the constraints of the region that 
contains less constraint. This decision is done in 
line 13 and chooses to execute the loop from line 
14 to 19 or the loop from line 21 to 26. These 
two loops have the same task – to remove re-
gions that have a dimension not overlapping with 
the given object region. The algorithm for testing 
whether two constraints are overlapping each 

other is shown in “Algorithm overlap” (Figure 
10). It uses the relative positions of the two 
points representing the two constraints to make 
the decision. 

6 Analytical Performance 
Evaluation 

This section presents the time analysis of the 
algorithms presented in the previous section. We 
will also compare the time complexity of these 
algorithms with existing matching algorithms for 
publish/subscribe systems.  

6.1 Time Analysis 
Section 4 presented the general approach to exe-
cuting all operations required in the subject 
space model. From the algorithms shown in Fig-
ures 1 and 2, we can do a generic complexity 
analysis for these algorithms, which is independ-
ent of matching semantics and the underlying 
data structures. The indexing algorithms pre-
sented in Section 5.6 gave more detailed infor-
mation on the behaviors of operations of the sub-
ject space model specific to the proposed index-
ing algorithm, and allow a refined complexity 
analysis on these operations.  

Table 1 summarizes the time complexity of 
the five operations in the subject space model.  

Table 1 Time complexities of operations for the 
subject space model 

• |O| is the number of object regions of a given publication  
• |I| is the number of interest regions of a given subscription 
• O and I are the number of object regions and interest 

regions respectively that have undergone state transitions  
• |Sc| is the number of candidate subscriptions 
• |Pc| is the number of candidate publications 
• Cx is the complexity of the algorithm indicated by the 

subscript x 
• | I | is the average number of interest regions of subscrip-

tions in Sc 
• | O | is the average number of object regions of publica-

tions in Pc 
• |co| is the average number of constraints per object region 

in O 
• publication |ci| is the average number of constraints per 

interest region in I 
Operation Time Complexity  
QP(P) O(|O| ⋅ Cm + |Sc| ⋅ CM) 

= O(|O|⋅|co|⋅CcollectInterestRegions + |Sc| ⋅ (|O| + | I |)) 

QS(S) O(|I| ⋅ Cm + |Pc| ⋅ CM) 



 

= O(|I|⋅|ci|⋅CcollectObjectRegions + |Pc| ⋅ (|I| + |O |)) 

( )t
PQ P  O(| Ô | ⋅ tCm + |Sc| ⋅ CM) 

= O(| Ô |⋅(|co|⋅CcollectInterestRegions + |co|⋅Coverlap) + 

|Sc|⋅(|O| + | I |)) 

( )t
SQ S  O(| Î | ⋅ tCm + |Pc| ⋅ CM) 

= O(| Î |⋅(|ci|⋅CcollectObjectRegions + |ci|⋅Coverlap) + |Pc| ⋅ 

(|I| + |O |)) 

( )
t

PQ P  O(|O| ⋅ Cm + |Sc| ⋅ CM) 

= O(|O|⋅|co|⋅ CcollectInterestRegions + |Sc| ⋅ (|O| + | I |)) 

The two terms within the complexity expres-
sion reflect the two steps of the algorithm. Cm is 
the complexity for finding all interest regions or 
object regions that match with a given object 
region or interest region, under the matching 
semantics m. tCm  is the complexity for finding 
all object regions or interest regions that have 
undergone a state transition in its relationship 
with a given object region or interest region. 
Both Cm and tCm  are dependent on the indexing 
algorithm used for solving the problem. CM is 
the complexity for determining whether a pair of 
publication and subscription is in the matching 
relation M. The dominant factors in the com-
plexity of these operations are Cm, tCm  and 
CM.  

A refined evaluation of Cm, tCm  and CM can 
be obtained by considering the indexing algo-
rithm used in the implementation of the proto-
type. In our implementation: 
Cm  = CfindAllMatchedInterestRegions = O(|co| ⋅ CcollectInterestRegions)  

 = CfindAllMatchedObjectRegions = O(|ci| ⋅ CcollectObjecttRegions) 

tCm  = CfindNewlyMatchedInterestRegions  

= O(|co| ⋅ CcollectInterestRegions + |co|⋅Coverlap)  
= CfindNewlyMatchedObjectRegions  
= O(|ci| ⋅ CcollectObjecttRegions + |ci|⋅Coverlap) 

The algorithms collectInterestRegions and col-
lectObjectRegions involve scanning through 
certain areas on the two-dimensional plane rep-
resenting each dimension and collecting the as-
sociated object regions or interest regions. Ccollect-

InterestRegions and CcollectObjectRegions are therefore O(n) 
where n is the number of nodes along the skip 
lists traversed in the process of collecting the 
regions. The complexity of the overlap algorithm 
(Figure 10) is O(1). With the assumption that 
filters are conjunctive queries, CM is O(n). Spe-

cifically, for operations on a publication, CM = 

O(|O| + | I |), and for operations on a subscrip-

tion, CM = O(|I| + |O |).  
From the above analysis, the complexity of 

each of the operations is dependent on several 
variables, and varies with each of them linearly. 
It can be concluded that the worst-case asymp-
totic complexity of all five operations is O(n). 
With the assumption that the number of publica-
tions and subscriptions is much larger than the 
number of regions per publication or subscrip-
tion and the number of constraints per region, the 
dominant factor in these complexity expressions 
is the number of the candidate publications or 
candidate subscriptions – |Sc| and |Pc|. In the 
worst-case, the number of candidate subscrip-
tions equals the number of all subscriptions in 
the system, or the number of candidate publica-
tions equals the number of all publications in the 
system.  

The worst-case is unlikely to happen unless all 
subscriptions are extremely general and the pub-
lications can match all subscriptions. Let’s now 
turn our attention to the expected behavior of 
these algorithms given more practical assump-
tions.  

In an average case, we assume that the object 
regions and interest regions are evenly distrib-
uted in the subject spaces. Furthermore, we as-
sume that: 
1. an update operation only adjusts a subset of 

the regions of the publications or subscrip-
tion,  

2. an update operation only changes a subset of 
constraints of the regions updated, and  

3. the updated value is in the proximity of the 
previous value.  

With the above assumptions, we argue that the 
expected runtime of the two update operations 

( )t
PQ P  and ( )t

SQ S  are less than that of the 

insertion and deletion operations QP(P), QS(S) 

and ( )t

PQ P . For example, if a publication P is 
being updated, let the states before and after the 
update be P1 and P2. The process of updating P 
from P1 to P2 generates less candidate subscrip-
tions than the process of inserting a new publica-
tion with the state of P2.  

The first two assumptions show that an update 
operation needs to do less index lookup than 



 

required by an insertion operation and will result 
fewer candidates for the refinement process. The 
third assumption means that a region only moves 
to a position in the subject space that is close to 
its original position in an update. Since regions 
are evenly distributed, the updated region will 
only “collide” with a small number of regions, 
compared to the potentially much larger number 
of regions that overlap with this region. In con-
trast, the goal of an insertion operation is to find 
the set of all regions that overlap with a given 
region. Hence, the number of candidates in the 
update operations is much lower than the number 
of candidates in the insertion operations. Since 
the number of candidates is the dominant factor 
affecting the runtime of the algorithm, the update 
operations are expected to run faster than inser-
tion operations.  

6.2 Comparison with Related 
Matching Algorithms 

We proceed to compare the time complexity of 
the proposed matching algorithm with existing 
algorithms, and show the advantages of the sub-
ject space model and the proposed indexing al-
gorithm. The time complexities of some existing 
matching algorithms are summarized in table 2. 
Worst-case complexity is assumed unless stated 
otherwise.  

Table 2 Time complexity of existing matching algo-
rithms 

• |S| is the number of subscriptions s 
• |A| is the number of attributes. An attribute is equivalent to 

a dimension in the subject space model. 
• |P| is the number of predicates p. A predicate is approxi-

mately equivalent to a node in a skip list in the dimension 
indexes for the subject space model. 

Algorithm Time Cost 
Naïve [4] |S|⋅| P | 
Counting [9] |Psat|⋅|S| 
Counting algorithm 
with equality-preferred 
approach [4] 

|Pneq sat|⋅(|Spartial sat| + |Sneq|) 

Cluster propagation [3] Kr ⋅ |H| + ΣH∈Hµ(H)(Ch + Kh 

⋅|H.A|) + Σs∈S ν(C(s).p) ⋅ check-
ing(C(s).p, s) 

Gough [10] |A| ⋅ log(|S|) 

Worst-case: |S| ⋅ (|A| + 1) Gryphon [12] 

Average case: 2(|A|+1) ⋅ |S|1−λ 
(lnV  + ln |A|) 

In the table above, the factors of time cost 

contributed by the number of subscriptions are 
printed in bold font. It can be observed that all 
algorithms in this table, except the counting al-
gorithm with equality-preferred approach, vary 
with some function of the total number of sub-
scriptions in the system. In other words, in a sys-
tem with a large number of subscriptions, the 
size of the index structure will be larger, and 
consequently requires a longer time to process 
the matching algorithm. The performance of the 
algorithms degrades in some function of the vol-
ume of data in the system.  

The time complexity of the matching algo-
rithm proposed in this research, however, is not 
dependent on the total number of subscriptions 
or publications in the system, but varies linearly 
with the number of candidate publications or 
subscriptions. This observation is significant 
because the number of candidates resulting from 
the filtering process is independent of the total 
number of publications or subscriptions in the 
system, but is sensitive to the usage behavior of 
the system. Usage behavior refers to the specifi-
cations of publications and subscriptions and the 
interactions between them. For example, if a new 
publication does not match with any of the sub-
scriptions in the system, the time for processing 
this insertion operation in a system with millions 
of subscriptions will be comparable to the time 
for processing this insertion operation in a sys-
tem with only hundreds of subscriptions, as op-
posed to having orders of magnitude of differ-
ence.  

The counting algorithm with equality-
preferred approach also has this property because 
its execution time is dependent on the number of 
subscriptions whose equality predicates are satis-
fied, which is a subset of the total number of 
subscriptions in the system. As a result, it re-
quires fewer predicate evaluation operations than 
the counting algorithm. The algorithms proposed 
in this research, however, do not make assump-
tions on certain types of predicates. Indeed, the 
semantics allowed by the matching algorithms 
for subject spaces are more general than all of 
the matching algorithms in table 2 because they 
allow both publications and subscriptions to 
specify range values, as opposed to point values 
only.  



 

7 Experiments 
This section presents the experimental perform-
ance results of the indexing technique presented 
in Section 5. It serves to provide empirical per-
formance data of the algorithms and to confirm 
the behaviors predicted by the analytical evalua-
tion in the previous section. 

The performance tests were run on a dual-
CPU Pentium III workstation, with 900MHz 
i686 CPUs and 1.5 GB RAM operating under 
Linux. The algorithms are implemented in Java. 
JVM version 1.4 was used.  

7.1.1 Time Taken to Insert Pub-
lications 

Operations for inserting publications and sub-
scriptions are symmetrical, and should take 
about the same time. Also, the operation for de-
leting publications is also expected to take the 
same time as publication insertion. This experi-
ment shows the time taken to insert a publication 
into a subject space given the number of existing 
publications and subscriptions.  

In this experiment, publications are inserted 
into a subject space with 50 dimensions. Both 
the number of publications and subscriptions are 
varied, and time is sampled at different orders of 
magnitude of both variables. Each publication 
has one region of 20 constraints and each sub-
scription has one region of 2 constraints. Figure 
11 shows the result of this experiment. 

Different application domains may operate in 
different regions of the graph. For example, a 
network monitoring system may have publica-
tions in the order of 100,000 and relatively few 
subscriptions, in the order of 100. This system is 
operating near the left end of the top curve of the 
graph.  

Consider the curve for 100,000 publications. It 
takes 172 milliseconds to add a publication into 
the subject space if there are only 10 subscrip-
tions in the system, and it takes 776 milliseconds 
to add a publication into the subject space if 
there are 100,000 subscriptions in the system. 
Note that although the number of subscriptions 
in the system has increased by 4 orders of mag-
nitude, insertion time only increased by 4.5 
times. This result confirms the prediction of the 
analytic performance evaluation, which claims 
that execution times of operations do not vary 
linearly with the total number of subscriptions in 
the system, but are dependent on the usage be-
havior of the system.  

7.1.2 Time Taken to Update 
Publications 

This section presents the performance results on 
update operations. This experiment uses a sub-
ject space of 50 dimensions. Each publication 
has 1 region of 25 constraints and each subscrip-
tion has 1 region of 2 constraints. The numbers 
of publications and subscriptions are varied, and 
the time for updating a publication is sampled at 
different orders of magnitude of both variables. 
In each update, the value of all 25 constraints of 
the object region of the publication is changed. 
Figure 12 shows the scenario in which the up-
dated value is chosen within the range from 0 to 
99. Figure 13 shows the scenario in which the 
updated value is either one higher or lower than 
the original value. One may notice that it takes 
much less time to update values incrementally 
than to update the value randomly. Applications 
with data that exhibit a locality of reference can 
take advantage of this feature of subject space 
model.  

The analytical evaluation also showed that the 
matching time should vary linearly with the 
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number of candidate publications or subscrip-
tions. The number of candidates, however, is not 
observable externally. In order to verify this 
claim, we set up an experiment to plot the time 
required for an update against the number of 
matches as a result of the update (Figure 14). For 
a good filtering algorithm, the number of candi-
dates varies monotonically with the number of 
matches. This experiment shows that the update 
time is linearly dependent on the number of 
matches, which is a result of the usage behavior 
of the system.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 14 Matching time varies directly with the 
number of matches 

8 Conclusion 
This paper shows a solution for the matching 
problem of state-persistent systems. The pro-
posed algorithm is scalable and has a complexity 
that varies with the usage behavior of the system 
as opposed to the amount of data in the system. 
It also allows better expressiveness than existing 
algorithms by its symmetrical treatment of publi-
cations and subscriptions and allows values to be 
expressed as interval of values.  

The algorithm has also demonstrated the ad-
vantages of state-persistent publish/subscribe 
systems. The ability to do data updates is an ad-
vantage over stateless systems.  
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