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Abstract— Emerging applications on the Web require better
management of volatile data in pull-based environments. In a <
pull based setting, data may be periodically removed from the 3 9
server. Data may also become obsolete, no longer serving client =
needs. In both cases, we consider such data to be volatile. To

model such constraints on data usability, and support complex "= == ,
user needs we define profiles to specifithich data sources are to @@@ _55

be monitored and when Using a novel abstraction of execution i----------------i

Stock Market Server 1

intervals we model complex profiles that access simultaneously """~
several servers to gain from the used data. Given some budgetary
constraints (e.g, bandwidth), the paper formalizes the problem
of maximizing completeness.
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| | NTRODUCTION resource: 9 execution interval: t-interval: §
In this work we discuss complex data delivery of volatile
data sources in a pull-based setting. Volatile data is associated Fig. 1. Example arbitrage monitoring

with an expiration time. In a pull-based setting, expiration
times may stem from the inability of a server to store all
history (as is the case with sensors with flash memory or netsgtween the market prics A simple arbitrage monitoring
feeds) and also from the limited usefulness of data to clients.@kample is illustrated in Figure 1, showing the change in
particular, clients may have different tolerance levels towaréie price of one stock in two different markets. To identify
delayed monitoring of data. As a result, data that reach a cligibitrage opportunities, financial data should be collected from
may no longer be usefuk(g, auction and stock information). multiple markets. This data is volatile, changing frequently
\olatile data is accessed by many contemporary applicatiométh changes to market prices. Also, the analyst's data needs
which include Web crawlers [1] and Web monitors [2]. require that data fronboth markets will be available, with

To model user data needs and personalize pull-based d¢grapping time reference. Therefore, a user profile for
delivery, we define aiser profileto specifywhichdata sources arbitrage contains pairs of execution intervals (marked as
are to be monitored andhen Profiles may be complex in that'éctangles connected with a numbered oval in Figure 1), a
they need to access simultaneously several servers to berfdfigle execution interval for each market. These execution in-
from the monitored data (hence our referencectomplex tervals overlap to ensure the validity of arbitrage opportunities
data delivery. We use an abstraction @xecution intervals (Otherwise, prices may refer to different times, invalidating the
to model profiles. An execution interval defines a period @fbitrage opportunity). The analyst gains some benefit only
time in which a server can be monitored to provide a cliefft both servers were monitored in their respective execution
with useful information. A profile contains a set of executioftervals. Therefore, a complex profile in this case cannot be
intervals, possibly of different sources. satisfied by the monitoring of a single market price. Rather,

As a concrete example, consider a financial analyst tRgMe (simple or complex) combination of monitoring tasks are

looks for arbitrage opportunities:Atbitrage is the practice N€€ded. Similar profile examples can be found in accessing
of taking advantage of a price differential between two dhultiPle auctions.

more markets: a combination of matching deals are struck thatiry definition is taken from Wikipedia,
capitalize upon the imbalance, the profit being the differene@p://en.wikipedia.org/wiki/Arbitrage



Given multiple profiles and multiple data sources, we aim & Profiles and-intervals
capturing as many of the sets of execution intervalg,(price

airs in the arbitrage example) in a profile as possible, giv nT0 formally represent the notion of a complex profile, we
P Y mp pro POSS » IV&Rtend the notion of execution intervals to that-dfitervals. A
some budgetary constrainte.q, bandwidth). In this short

. : . t-interval consists of execution intervals, possibly of different
paper we provide a framework for evaluating complex profile

. o i ?ﬁsources. Each execution interval int-énterval should be
serving an array of _contemporary appllctatlons. This fr.ameworrnonitored at least once for theinterval to be considered
enables the exter_13|on gf some applications to benefit from t@aetisfied (or “captured”). A complex profile is simply a set of
presence of multiple clients.We formally present the problem tervals, modeling the client needs
of maximizing completeness, measured in terms of captured;orma”)’/ etR = {r1,r o} be'a set of 1esOUrces

y = 1,725 510

xecution intervaketsand di vailabl lutions in th ;
ﬁteer;tlur% ervaketsand discuss available solutions eand let7 = (T4, T, ..., Tx) be an epoch withK chronons

We assume the proxy manages a set of client profites

Il. MODEL {p1,p2,...,pm}. Aclient profilep = {n|n = (I, I,..., I;)}

. . . is a collection oft-intervals [6]. At-intervaln contains several
Serversaandclientsshare data in our model througioxies L [6] A & X
xecution intervalswhere each execution interval (or El in

A server manages resources and can be queried by the prS : ) . :
on behalf of the proxy clients. In this work we assume a hybri Xr;t)aﬁ (|js f?rfizﬁcéi[?odnggf r;so;rci RTgnd ;,_C; nt<a|r; a
approach, where the proxy probes servers for data via a péjl? = Lo Iy I Ty € T; Ts < Ty

protocol €.9., by HTTP GETqueries) and delivers data to Xecution intervals are the most primitive building blocks,

clients using a push protocol. Our focus is on the scheduliﬁgr\;'nrgesiirfe folgrrrc])?illeg?iLtte?vglz pt:;e d tz;.;l?ﬂ![?or?r%?::\t}gls
of proxy pull tasks. X '

. : . , construct ahierarchy, in which a profile is aparent of
The interest of a client in updates to server's resourcés . . . . .
o : ! > t-intervals, and a-interval is aparent of its execution
are specified using profiles and stored at the proxy. Eac : - . o
. S . . - Intervals. Twot-intervals within the same profile asgblings
client profile is associated with a set of resources, reqwrgn d two execution intervals within the samenterval are
by the client, andexecution intervald3]. An execution in-

terval defines periods of time during which the client m“%f)%gbl:gﬁ; \é\(/)emuf:xi:h?rhneliggfé ?:/eEldSer;Zt?rg;rvzl( t;)

be synchronized with the state of the resource in order 10 pr plexity e e DYunEp
. : ' . ; . the maximal number of execution intervals in afyinterval

satisfy the client profile. The client can combine execution .

. L ' n.€ p (rank(p) = max,e, {|n|}), where|n| is the number of

intervals to construct complex monitoring profiles over a set g L ) D .

. execution intervals im. The definition is easily extended to a
resources. We refer the reader to [3] for details of a Ianguageseot of profilesP as follows: rank(P) — (rank(p)}
specify execution intervals and methods to generate execuuor\wN P for back t th.mnb't N maxpelp .TT:T.L P ith t
intervals, possibly based on stochastic modeling (see [4]). The € how reter back 1o the arbitrage exampie in Figure a

beginning of an execution interval is determined by either amowdes a graphical |IIu§trat|on dﬁn'Fer\{aIs of prqﬁlep
update event to a resource or a temporal even, (every with rank(p) = 2. p requires the monitoring of two different

ten minutes ). A condition for terminating an execution resources (each representing a different stock market). This

interval can be set relatively to the stream of update ever&l’é)f"e requires to match an execution interval of one resource

(e.g, updateoverwrite ), or again as a temporal relativew'th an overlapping execution interval of the other resodrce.

event .9, five minutes after its beginning). For exam-The profile requires to deliver the state of each resource on

ple, a profile defined over Web feeds may require to colleﬁ};ery update before the next updatedrwrite pohcy). The
items published on the feed before the server overwrites the ts Teprese”t updates to a resource, and execution intervals
According to a recent intensive study on Web feeds in [5?,re given as rectangles. _ i )
55% of Web feeds are updated hourly. [5] further shows that Execution mtervals_ of _d|fferent profiles may overlap in
due to heavy workloads that may be imposed by clients #f1€- Further, execution intervals of the same profile may
servers (especially on popular Web feed providers such &8O overlap. For example, in Figure 1 Els of the two servers

CNN), about80% of the feeds maintained by servers have aq)]verlap. Overlapping intervals are interesting for two reasons.

average size smaller thaKB. Thus, we can expect serversWhe” intervals of different resources overlaptér-resource

of such feeds to keep each item available for a limited lif2veriap they are all candidates for being simultaneously
period. proped by thg proxy. Th|_s can lead tm)ngestlonvx{heq the

We assume that clients have varying needs. Therefore, eﬁt\fﬁ'la_ble pro?"“g t_’Udg?t is low. When the e?(ecutlon intervals
profile may either share or not share some of its executigisociated with aidentical resource overlapirftra-resource
intervals with other profiles. Given a set of client profiles, th@V€"lan. there is the potential to exploit this overlap in
proxy monitors resources, captures updates to resources dufHifing @ more efficient schedule. The special casenof
their specified execution intervals, and delivers client notificit/a-résource overlap(presented in Figure 1 for a single
tions about resource states, captured during these interval@rofile) is of theoretical interest.

We provide next a formal definition of three building blocks , o oo

A chronon is an indivisible unit of time.

of our model, namelylient profiles execution intervalsand 3A resource in this case is the stock price maintained by any of the two
schedules stock market servers.



B. Schedules (e.g.,[7], [8]), Continuous Queries (CQ) and Web Monitoring

A data delivery schedules = {s;,}ie1.. nij1..x (0 (e.g.,[9], [2]), and Grid query processing.@.,[10]). Current
resources and chronons) assigns ; it ’re756urcyer;- cr bull based solutions cannot handle complex data needs over
should be monitored (probed) by the proxy at chrofore 7, multiple data sources. For example, current works i.n CQ
elses; ; = 0. We denote by the set of all possible schedules@"d Web monitoring such as WIC [2] handle only simple

To simplify our formal writing, we next define an indicatorSingle resource monitoring tasks that are further assumed to be
whose value depends on whether an execution interval iigdependent one of each other. Other works in sensor networks
monitored. We next extend it to the capturing of-mterval. further focus mainly on energy efficient datg dissemination.
Given a profilep, at-intervaly € p, and an execution interval methods and thus data completeness requirements come in
I € 7 that refers to resource; € R, an indicator(I, S) second, while now new opportunities with flash memory aided
indicates whether the schedule successfully captures resoieSors require new techniques for data dissemination [8].

r; state during the required execution interdalFormally: 1N an offline setting, the proxy is provided withll ¢-
intervals inP for K chrononsn advanceand has to determine

I(1,8) = { L, el s ;=1 the schedule& of probing resources ifR. A feasible solution
’ 0, otherwise to Problem 1 is a schedule that satisfy the problem constraints.
The definition is extended tointervals as follows. Given a Jémma 1 provides the cost of solving Problem 1 using full

profile p and at-interval ) € p, we say that; is capturedby ~€numeration. _
scheduleS € S if I(n, S) = [[,o, I(1, 8) = 1 Lemma 1:Givenn resourcesk chronons, and a constraint
’ fen =0 C on the number of probes per chronon, all feasible schedules
[1l. THE MONITORING PROBLEM can be enumerated i (n%max) time, where Chax =

We assume that the proxy has a limited amount of resouré@%lszmwh" (Cﬂj)' h dK K bi
that can be consumed for the monitoring task of client profiles. tis wort n(;)tlr;]g t fatCma)F] an blare _nownl yet ar :tr_ary h
In this paper we consider a constraint similar to the one usggNStants and therefore the problem is polynomial in the
in prior works of Web Monitoring [2] and Web Crawlers [1] number of resources. This serves as little consolation whenever
where at each chrondf; € 7 the proxy can monitor up to Cmax OF K are large €.9., K = 100). We assume that

C; resources. This constraint is represented by a budget ve%@rdx # O(n), otherwise scheduling would be easy since
c— (C1,Cs, ..., Cx). there will be sufficient budget to probe most resources at each

chronon. Nevertheless; ... may still be of substantial size.
To date, we are unaware of any low-polynomial algorithm for
solving Problem 1.

Given a set of client profile® = {p1,p2, ..., pm }, the proxy
objective is tomaximize the gained completenetisat is, to
maximize the number of-intervals fromP that are captured
given the budgeﬁ. A t-interval is successfully captured once REFERENCES
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