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ABSTRACT has mostly focused on ef cient subscription processing, while the

Content-based publish/subscribe systems allow events to be selec?€Working community has mainly focused on ef cient event dis-
tively and aperiodically pushed to subscribers according to their in- SEMination. ProSem is along the recent line of work, including
terests, expressed as predicates in a high-dimensional event spacé).NYX (8], SemCast13], Net- [14], etc,, aumeo_l at bndgln_g this
Making such systems scalable in a wide-area network requires con-9aP- Our goalis to develop an end-to-end solution consisting of not
sidering multiple factors, e.g., distribution of events, similarity of o_nIy tec_;hnl_ques for subscr!ptlon processing and indexing but also
subscriber interests in the event space, and proximity of subscriberdiSseémination network design.

locations in the network. A major obstacle for this research is A particular problem of interest is how to assign subscriptions to
the lack of publicly available, realistic workloads, because of con- brokers. Brokers are intermediaries in delivering events from pub-
cerns of privacy and commercial interests in releasing user infor- lishers to subscribers. Intuitively, itis bene cial to assign subscrip-
mation. This paper describes a workload generator for wide-areations with similar interests to the same broker, because events de-
content-based publish/subscribe systems, which extrapolates thdivered to the broker serve multiple subscriptions, potentially sav-
limited amount of various statistics available to public, and gen- ing communication. On the other hand, we need to be careful in
erates a workload consistent with these statistics. The generatoretting one broker handle subscribers that are far away in terms of
allows users to deviate the workload from the given statistics in network distance, because doing so may violate delivery latency re-
meaningful ways, such as lowering the variance. Our hope is that quirements and increase communication costs. Balancing the two
this generator will help publish/subscribe researchers evaluate theirconsiderations—similarity of interests in the event space and prox-

research. imity of locations in the network space—is a hard optimization.
The optimal trade-off between the two also depends on the amounts
1 Introduction of events matching shared versus disjoint interests. Therefore, the

best solution for a given system must take into account subscription

Publish/subscribés a model of data dissemination, whepab- interests and locations as well as event distributions.

lishers (data providers) selectively and aperiodically pestents ) ) ) ) .

to subscribergdata consumers) based on their speci ed interests. A major obstacle for this research is the lack of publicly avail-
Publish/subscribe systems typically employ a networlorakers gble, realistic qukloads for content-basgd .publlsh/sut.)scrlbe. The
that serve as the middleware between the publishers and the subindustry rarely discloses data on subscriptions (user interests and
scribers. Traditionally, publish/subscribe systemstapic-based Iocatlons)_ because of privacy concerns _and commercial interests.
in which subscribers can subscribe only to a set of prede ned top- Lack of widely deployed systems supporting powerful content-based
ics. Recent years, however, have seen growing interestsient- subscriptions also contributes to the dif culty in getting large and
basedpublish/subscribe systems, in which subscribers can spec- €2l workloads.

ify their interests using arbitrary predicates in a multi-dimensional ~ Given the lack of real data, researchers usually generate synthe-

event space. sized workloads. For example, Baldoni et al. [1] used the uniform
We have been working on a system calRmSen{3, 4] for ef- and Gaussian distributions to generate events and subscription con-
ciently supporting powerful content-based subscription function- Straints in the event space. Bianchi et al. [2] generates skewed sub-
alities. A main feature of ProSem is joint considerationsab- scription workloads by applying a Zipf distribution to the origin of
scription processingndnoti cation dissemination Traditionally, subscriptions; they set the size of subscriptions and event distribu-

these problems are considered separately: the database communit§jon to be uniform. In [1, 13], subscribers are assigned uniformly or
randomly among the brokers in the network. The major drawback

This work is supported by NSF Award 11S-0713498. of using synthetic data is that the correlation between the event and
network spaces is not considered, even though exploring such cor-
relation may provide more optimization opportunities, e.g., in the
subscriber assignment problem.

There has also been past work on characterizing publish/subscribe

Permission to make digital or hard copies of all or part of thirknfor systems. For example, Liu et al. [11] studied the properties of
personal or classroom use is granted without fee providatidbpies are RSS feeds. They showed that the feed popularity in RSS follows
not made or distributed for pro t or commercial advantage arad topies a Zipf distribution. Tock et al. [15] showed that stock popularity

bear this notice and the full citation on the rst page. Togogherwise, to in NYSE follows an exponential distribution. In [6, 5], each bro-
republish, to post on servers or to redistribute to listguhes prior speci ¢ L

permission and/or a fee. ker_subscribes to g_subset of_topics, and each topic is cho_sen with
Copyright 200X ACM X-XXXXX-XX-X/XX/XX ...$10.00. a different probability according to the RSS and NYSE distribu-



tions. In [16], the probability that a topic is of interest to a broker For each group, Google Groups provides its number of members,
is set to a fractional valué, which is varied in the experiments.  the average number of messages posted per month, and language.
However, the focus of this paper is to generate content-based pub-Depending on the access settings of a group, its geographic regions
lish/subscribe workloads instead of topic-based ones. and topics may or may not be available to public.

In this paper, we develop a workload generator for wide-area  We base our subscription workload on data extracted from Google
content-based publish/subscribe systems. Our generator generateSroups. Two of the three attributes, topic and language, are treated
subscribers' interests and geographical locations based on givenas dimensions of the event space. We make each pair of atomic
statistical summaries, such that the generated workload is consis-topic and language base interest There are268 atomic topics
tent with the given statistics. Users can control some aspects ofand 141 languages, giving rise t87;788 potential base interests.
the workload generation to ne-tune the process and to get work- Intuitively, each member in a group associated with a base interest
loads with varying sizes and characteristics that deviate from the counts as a subscription with that interest. Since Google Groups is
given statistics in meaningful ways. For concreteness, we demon-topic-based rather than content-based, we will need to convert the
strate workload generation using public information extracted from categorical event space dimensions into continuous ones, and map
Google Groups and PlanetLab. However, our approach is generalbase interests into rectanglesRA. The rate of events matching a
and can be applied to other data sources that offer similar typesbase interest is approximated by the total number of messages per
of summary information. We plan to make the generator publicly month posted to groups associated with this interest. See Section 4
available so that publish/subscribe researchers can use it to evaluatéor details.

their research. The third attribute of a Google group, geographic region, gives

. an idea of where its members are located in the network space. For
2 Overview each base interest, we divide all Google groups associated with the
An event is represented as a point in évent spacadenoted byE. interest by their geographic regions, and count the total number

A subscription de nes a region iE. Although our generator can ~ ©f members within each geographic region. These counts provide a
generate events and subscriptions in higher dimensions, because giough indication of the distribution of subscribers over the network.

unavailability of higher dimensional data, we m&go R2. Each It is worth noting that the publicly available data from Google

subscription will be a rectangle . A network location is repre-  Groups is noisy and incomplete in many ways. Because of the ex-
sented as a point in the network space, denotetibysing the  ibility in tagging groups, owners do not appear to tag groups by
Internet embedding techniques [7, 9, 12], we n\ao R®. The topics in a consistent manner. A group may be tagged with mul-
Euclidean distance between two network location®Niapproxi- tiple topics, sometimes with non-atomic topics that are clearly not
mates the latency between them. A subscription is composed of ad@S speci ¢ as they should be. Furthermore, groups owners may
pair ( ;x ), where E is arectangle and 2 N is a point. choose not to disclose the tags of their groups. Finally, we cannot

The workload we generate consists of the following: a) a set of tell whether memberships of two groups overlap, because detailed
subscriptions, each having a rectangular region of interest in the information at the member Ieve_l is unavailable. For these reasons,
event space and a point in the network space; b) an event distribu-We base our workload generation on the total membership count
tion over the event space, from which a sequence of random events?Y 9eographic region for each base interest (with the understand-
can be drawn. Optionally, we can also generate a set of brokers, N9 .that the total count may in fact be greater than the number of
with their locations in the network space. distinct members across groups).

The next two sections cover the two work phases of our genera- Google Groups Data Characteristics Figure 1 shows the distri-
tor. For concreteness, we use data extracted from Google Groupsbution of subscription interests B for three different geographic
to extrapolate subscribers' interests and geographical locations. Weregions? We see that Europeans and Asians subscribe to many in-
generate actual network locations of subscribers and brokers basederests, while the US subscribers have fewer interests. Although
on PlanetLab measurements. Section 3 describes the types of dataubscribers from Asia and Europe share some common interests,
available from Google Groups and PlanetLab. Section 4 discussesa lot of Asians' interests are located on the left side of the heat
how to generate a workload using the collected data as basis formap while most Europeans' interests are located in the center of
extrapolation. Finally, in Section 5, we discuss several possible the heat map. Figure 2 shows the geographic distribution of sub-

extensions. scribers along each event dimension. Along the language dimen-
sion, we see that for a subset of languages (clustered on the left
3 Data Extraction side), most of their subscribers are Asians; for another subset of

languages (clustered in the middle), most of their subscribers are
3.1 Data from Google Groups Europeans. On the other hand, along the topic dimension, the sub-
Google provides a service callggoogle Groups which allows scriber distributions for the three geographic regions are similar.
people with common interests to form and participate in discus-  These data characteristics provide useful insights into system de-
sion groups. Google's group directdme ects the tagging of each sign. Suppose that each broker summarizes its subscriptions using
group by three attributes: topic (e.g., “soccer”), language (e.g., a “super-interest” containing all of them (a common practice by
“Spanish”), and geographic region (e.g., “Europe”). Google de- many systems). As shown in Figure 1, US subscription interests
nes hierarchies over topics and regions. For instance, “recre- spread sparsely over the event space. If a publish/subscribe system
ation” contains “sports” which contains “soccer,” and “Asia” con-  assigns subscriptions to brokers based on network proximity alone,
tains “China.” We call a topi@atomicif it does not contain any we would end up with large super-interests, causing many events
subtopics. Google Groups does not provide a hierarchy on lan-to be delivered to brokers unnecessarily. On the other hand, if we
guages, so we introduce our own by grouping languages into cate-ignore network proximity, an Asian subscriber may be assigned to
gories according to their origins. For example, “Asian languages” an European broker since the Asian and European subscribers hap-
contains “Eastern Asian languages” which contains “Korean.”

2High-resolution versions of all gures in this paper are available
http://groups.google.com/groups/dir at http://www.cs.duke.edu/dbgroup/Main/ProSem .
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Figure 2: Distribution of subscribers. Top: along the language
dimension; bottom: along the topic dimension.
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Figure 1: Distribution of interests in E for different geographic
regions. First row: all geographic regions; second row: Asia;

third row: US; fourth row: Europe.

pen to share common interests. In this case, latency may become

4 \Workload Generation

This section discusses how we generate a wide-area content-based
publish/subscribe workload. We subject the data extracted in Sec-
tion 3 to a series of transformations, allowing us to remove idiosyn-
crasies in the data, extrapolate from statistical summaries of funda-
mentally simpler subscriptions, and offer users additional control
over the workload being generated.

Before presenting the details, we rst highlight several interest-
ing features of our workload generator.

unacceptable.

3.2 Data from PlanetLab

Data from Google Groups gives us a rough distribution of subscrip-
tions by geographic region. We still need actual network locations
for subscriptions as well as brokers. To this end, we generate a set
of nodes, each of which is composed of a faix ), where is a
geographic region label andis a point inN. We use data extracted
from PlanetLab, which currently consists 819 nodes andi84
sites. To assig, we choose a subset of PlanetLab nodes, mea-
sure their inter-node latencies, and embed this latency relationship
in a low-dimensional Euclidean space. Many techniques are avail-
able for performing this embedding (e.g., [7, 9, 12]). We use [9]
with the number of dimensions set %o Ledlie et al. [10] showed
that the inherent dimensionality of Planetlab datasets is small, and
4-5 dimensions are suf cient to capture the inter-node latencies.
To assign the region labels for PlanetLab nodes, we take their IP
addresses and use the IP-to-country databaggch maps IP ad-
dresses found in APNIC, ARIN, LACNIC and RIPE databases to
the country of their registrar, to determine their geographic regions
at the country level. The resulting coordinates in the network space,
together with their geographic region destinations, are then used to
generate subscription and broker locations, as described in the next
section.

3http://ip-to-country.webhosting.info/

Interest smoothingAs we have seen, the distribution of inter-
ests over the event space can be quite jagged. Users may want
workloads with smoother distributions. We provide two options
for interest smoothinghot-interest removaandinterest diffu-

sion Users may choose to apply either one or both (in order).
Hot-interest removal targets the peaks in the distribution, while
interest diffusion is more aggressive in reducing the popular-
ity variance among ‘“related” interests. In the case of Google
Groups, the notion of “relatedness” can derived from the topic
and language hierarchies.

Interest generalizationn practice, we expect some subscribers
to have broader interests than others; e.g., some may be inter-
ested in sports in general, while other may be interested only
in soccer. Data extracted from public sources may or may not
provide information on broader interests. In the case of Google
Groups, we choose to use only information on base interests be-
cause of inconsistency in tagging groups (as discussed in Sec-
tion 3). To extrapolate broader interests from base ones, we
construct a poset of interests and propagate subscription counts
upwards from base interests to broader interests.

Categorical-to-range subscription conversiorthe extracted
data, as is the case with Google Groups, may be about cat-
egorical subscriptions instead of range subscriptions. Again,
publicly available information on range-subscription workloads
will continue to be rare, until powerful publish/subscribe sys-



Figure 3: Popularities of base interests.

Figure 5: Distribution of interests over the event space, af-
ter smoothing (p = 0:7). Upper-left: all geographic regions;
upper-right: Asia; lower-left: US; lower-right: Europe.

scription count undeft; 1), i.e., over all base interests with topics
undert and languages undér LetC = fC(ti;l;) j 1 i
Figure 4: Distribution of subscribers over geographical re- m; 1 | ngbe the subscription counts of &t |)'s “immedi-
gions, as the most popular interests are removed. ate sub-pairs.’ i C(ti;lj) = C(t;1). SetCy = C(t;1)=(mn)
to be the mean of counts 8. The variance among the subscrip-
_ o ) tion counts inC, var(C), is .,.(Cu  C)?. LetC(t;l) de-
tems supporting such subscriptions become more widely de- note the subscription count for the péirl) after interest diffu-
ployed. Meanwhile, to convert categorical subscriptions torange sion, LetG, = fC(ti;l;) j1 i m; 1 | ng and
subscriptions, we embed the poset of interestsRfto var(C) = cpe (Cy, C)2. Given a user-speci ed smoothing

Workloads with various sizesThe extracted data is about a  parametep betweer0 and1, the diffusion algorithm ensures the
xed number of subscriptions. To obtain workloads with var-  following property:var(C ) = p var(C). Forp = 1, the distri-

ious sizes, we derive from the extracted data a probability dis- pution of interests remains unchanged. por 0, the subscriber
tribution of subscriptions over the event and network spaces. counts inC follows a uniform distribution.

We give a sampling algorithm to generate a given number of  The diffusion algorithm proceeds top-down from the roots of the
subscriptions, which overcomes the dif culty of naive random  two hierarchies. For each pdir | ), we lower the variance among
sampling in handling highly skewed distributions. the subscription counts of aft;1)'s immediate sub-pairs as fol-

4.1 Hot-Interest Removal lows. We seteacB(ti;l;) toCy pﬁ (Ca  C(ti:l})). Here,
Cy = Cy if (t;1) isthe root pair; otherwis&, = C(t;1) =(mn),

The popularity of base interests, measured by the total member-whereC(t;I) is already set by the top-down diffusion process.

ship size of their constituent Google groups, is heavily skewed. As The algorithm then runs recursively on each of the sub-pairs.

shown in Figure 3, a few interests contain a signi cant fraction The variance among the subscription counts oftall)'s imme-
of members. The top three interests contain at [@§smembers . T 9 p -
diate sub-pairs is reduced by a factompokince

each. They are (business services, English), (small business, en- X
glish), and (consulting, English). There are rougBI{ million var(C ) (C, ©)2= (p p Cu
members total. By removing these tag interests, the number of cac cac

p var(C):

p

p C)?

members reduces to abauiB million.

At the same time, hot-interest removal retains most distributional
characteristics of the original data. Popularity distribution remains It can also be shown that the total subscription counts of all interests
skewed; a small fraction of interests still contain a large fraction does not change and every interest has a non-negative subscription
of members, albeit to a lesser extent. Hot-interest removal also count after the diffusion step. Figures 5 and 6 show what the inter-
has some effect on the subscription distribution across geographicests look like after smoothing is applied.
regions. As shown in Figure 4, the percentage of European sub- Although both interest diffusion and hot-spot removal are meth-
scribers gradually increases as more popular interests are removedods for interest smoothing, they differ signi cantly in goal and re-
The main reason is that a large number of US (and to a lesser extentsult. Hot-spot removal results in a truncation of the original distri-
Asian) subscribers are members of very popular interests. Nonethe-bution and is arguably more faithful. On the other hand, interest
less, distribution of interests within each geographic region and the diffusion aims speci cally at decreasing variance, and with smaller
correlation between interests and geographic regions remain simi-p settings, becomes increasingly more aggressive in leveling the
lar to what we observe in Figure 1. distribution.

4.2 Interest Diffusion 4.3 Interest Generalization

Consider the pait;1), wheret is a non-atomic topic with child Our workload generator obtains more general interests by extrap-
topicsty;:::;tm, andl is a language category with child cate- olating from base interests. We rst construct a partially ordered



Figure 8: Hierarchy of intervals.

topological order.

The second option takes a different view that, in reality, sub-
scribing to a general interest implies subscribing to all its child in-
terests in the poset; counts for base interests from Google Groups
re ect contributions from ancestor interests. One possible recon-
struction of subscriptions counts for ancestor interests works as
follows. We again start from the base interests and work our way
upwards in topological order. For every non-base intereste
compute = min jisachidofi f 7nﬁ‘r’:t;‘éf‘§§'9s"§grfmg. We assign td a
(user-speci able) fraction of, and deduct the same quantity from
all children ofl .

Subscription counts for different geographic regions are propa-
gated separately, so every non-base interest will have a count for
each geographic region, just like the base interests.

4.4 Subscription Generation

After interest smoothing and generalization, we now have subscrip-
tion counts by geographic region for all interests. We now discuss
how to generate a subscription workload where each subscription
has a rectangular region of interestirand a point location in the
network space.

Figure 6: Distribution of subscribers after smoothing (p = 0:7).
Top: along the language dimension; bottom: along the topic

dimension. Recall that the domain of interestslis L, where botiT andL
Recreation Eastern Asian are hierarchies. To convert an interest to a rectanglg, iwe have
Sporis Sames it Nrean to embed _each hierarchy ink The embeddi_ng aims at preserving
ZaN J the tree distance of the elements of the hierarchy. The elements
Soccer  Tennis Simplified  Traditional of a hierarchy are mapped to intervalsRisuch that: 1) Ifx is
y's parent in the hierarchy, thexds interval containg/'s interval;
2) for anyx in hierarchy, intervals fox's children in the hierarchy
all have the same length.
. , ) To help smoothing the event distribution for event generation (to
(Sports, Chinese) (Tennis, Eastern Asian) . . .
\ be discussed shortly), we also separate adjacent intervals by gaps

(Sports, Simplified)  (Sports, Traditional) (Tennis, Chinese) (Tennis, Korean) that have the same width as the intervals. An example is shown in
Figure 8. These gaps ensure a desirable property: Giygnand

z in the hierarchy, if the lowest common ancestoxadndy is a
descendant of the lowest common ancestor ahdz (i.e., ify is
closer tox thanz in the hierarchy), then the gap betweerand

y's intervals is smaller than the gap betweemndz's intervals.

In event smoothing, this property allows the event rate of a similar
base interest to have more in uence on the estimate of the event rate

set (poset) of interests from the set of base interests as follows. LetOf & Pase interest than the event rate of a dissimilar base interest.
T denote the set of topics in the topic hierarchy (including both  OPtionally, for a subscription with interelsf we can further per-
atomic and non-atomic ones), andletienote the set of languages ~ (U'P its rectangle i by adding some random noise to two oppos-
and language categories in the language hierarchy. The set of inter{Nd corners of the rectangle corresponding t@oing so results in

(Soccer, Simplified) (Tennis, Simplified)  (Tennis, Traditional)

Figure 7: Part of the Hasse diagram for the poset of interests,
constructed from the two hierarchies above.

ests (which includes all base interests) is giveTbyL . We de ne a workload whose subscriptions do not fall on prede ned bound-
a partial order on the set of interests: Given two intere@ts; 11) aries in the eve.nt space. . . . .
and (t27 |2), we have(tl; |1) (t2| |2) iff l) t2 is an ancestor of For a SubSCl’Iptlon n geographlc I’eglaj to generate its pOInt

(Or the same ag}l in the topic hierarchy, and 2) is an ancestor |0cati0n in the netWOrk Space, we use the COOfdinateS Of Planetl_ab

of (or the same as) in the language hierarchy. Figure 7 illustrates Nnodes obtained in Section 3. We offer two options. The rst option

the construction of the poset of interests. randomly draws a point from inside the minimum enclosing box
Recall that the data from Google Groups has, for each base inter-(Or convex hull) of all PlanetLab nodes froR. For the second

est, subscription counts by geographic region. We provide two op- OPtion, we rstrandomly select a PlanetLab node frRythen, we

tions for extrapolating subscription counts for ancestor interests in Fandomly draw a point from the vicinity of the selected node.

the poset. The rst option assumes that a (user-speci able) fraction Generating a Given Number of Subscriptions We use sam-

of the subscriptions to a particular interest are actually meant for pling to generate a subscription workload of a given size. The

a parent interest in the poset. If there are multiple parent interests,distribution of subscriptions over the event and network spaces is

the fraction is divided equally among them. Starting from the base given by the subscription counts by interest and geographic region

interests, we propagate subscription counts upwards in (increasing)in the extracted and transformed data. To generate the workload,



we create a subscription for interésin geographic regioR with
probability proportional to the subscription count(dfR ).

However, with a highly skewed interest distribution (as is the

case with Google Groups), naive random sampling is inadequate
when the sample size is small, since it tends to miss subscriptions [5

(4]

of less popular interests. Unrepresentative samples are problematic
for system evaluation, because they make subscriptions more ho-
mogeneous than they should be. To alleviate this problem, we im-
plement strati ed sampling. We group interests into strata by pop-
ularity: those in the same stratum have similar subscription counts.
We then sample from each stratum, drawing a number of subscrip- [6]
tions proportional to the total subscription count of that stratum.

45 Event Generation

The message count data we extracted from Google Groups in Sec-
tion 3 gives the event rate matching each base interest. Our con-
tinuous event space, however, has gaps between regions that corre
spond to base interests. To obtain event rates for these gaps, we use
kernel smoothing, which redistributes some of the event density at
each location irR? to its vicinity. The resulting distribution over

the event space allows us to generate a random sequence of events{8]
with characteristics similar to those in the extracted data.

4.6 Broker Generation
To generate network locations for a set of brokers, we simply pick

them at random from the coordinates of PlanetLab nodes obtained

in Section 3. By default, the number of brokers we pick from a ge-
ographic region is proportional to the number of subscriptions from

that region. If there are not enough PlanetLab nodes in a particular [10] Jonathan Ledlie, Paul Gardner, and Margo Seltzer. Network

geographic region, we obtain additional coordinates in the region
using the techniques discussed above for generating subscription
locations.

5

Conclusion and Future Work

9]

[11]

In this paper, we have presented a generator for wide-area content-
based publish/subscribe workloads. We have shown how to ex-
trapolate the limited amount of publicly available data to obtain [12]
large workloads resembling realistic ones. Although the discus-
sion is based on data extracted from Google Groups and Planet-

Lab, the various data transformation and extrapolation techniques

we employed can be applied to other settings where publicly avail-
able datasets are noisy, incomplete, or based on simpler subscrip{13]
tion models. For future work, there are many useful extensions,

such as more details on event publishing (e.g., where events orig-

inate), changes to event distributions and subscriptions over time,
subscriptions beyond multi-dimensional range predicates, etc. We[14]
hope this workload generator will become a useful tool to the pub-
lish/subscribe research community.
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