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Abstract

Traditronal databases store sets of relatively static
records with no pre-defined notion of time, unless
timestamp attributes are exphetly added. While this
model adequately represents commeraal eatalogues
or repositornes of personal mformation, many current
and emerging applications regqure support for on-
hne analyss of rapidly changring data streams. Lam-
itations of traditional DBMSs m supporting stream-
g apphcations have been recognrsed, prompting re-
search to angment exsting technolopes and bnbd
new systems to manage streaming data. The purpose
of this paper 1= to review recent work mn data stream
management systems, with an emphasiz on apph-
cation requrements, data models, contimuons query
languages, and query evaluation.

1 Introduction

Traditional databases have been vsed 1 appheations
that require persistent data storape and complex
querving.  Usually, a database consists of a set of
ohjects, with insertions, updates, and deletions oc-
curnng less frequently than queres. Quenes are exe-
cuted when posed and the answer reflects the current
state of the database. However, the past few years
have witnessed an emerpence of appheations that do
ot fit thes data model and querying paradipm. In-
stead, information naturally oceurs m the form of &
soquence (stream) of data values; examples mclude
semsor data [10], Internet traffic [36, 61|, financial
tickers [17, 72|, on-lne anctions [3], and transaction
logs such as Web usage logs and telephone eall records
[21].

A data stream 15 a real-time, contineous, ordered
(implicitly by arrival time or explicitly by timestamp)
sequence of items. It & mpossible to control the or-
der mm which items arrive, nor & 1t feasible to locally
store a stream m its entirety. Likewise, quenes over

*This rescarch is partially supporied by the Natural S5q-
ences and Engineering Hescarch Counal {MSERC) of Canaada

SIGMOD Record, Vol. 32, No. 2, June 2003

streams nin continuously over a penod of time and
mcrementally return new results as new data arrmve.
These are known as long-running, conbinuous, stand-
ing, and persistent querws |17, 48], The umque char-
acterstics of data streams and contimonus queries die-
tate the followmpe requirements of data stream man-
apcment systoms:

¢ The data model and query semantics must al-

low order-based and time-hased operations (e.g.
querics over a five-minute moving window).

¢ The mahahity to store a complete stream suppests
the wse of approximate summary structures, re-
ferred to in the hterature as synopses 6] or di-
gests [T2]. As a result, quenes over the som-
markes may not return exact answers.

¢ Streammng query plans may not use blocking op-
erators that must consume the entire mput be-
fore any results are produced.

¢ e to performance and storage constramts,
backtracking over a data stream 1z not fessable.
Omn-line stream alponthms are restricted to mak-
ing only one pass over the data

* Applheations that montor streams in real-time
muest react quickly to nnusoal dats values.

¢ Long-running quenes may encounter changes
systemn conditions  throughout their execution
hfetimes (e varable stream rates).

¢ Shared execution of many continmonus queries s
needed to ensure scalability.

Proposed data stream systems resemble the ab-
stract architecture shown i Fipgure 1. An mput mon-
itor may repulate the mput rates, perhaps by drop-
ping packets. Data are typically stored o three par-
titions: temporary working storape (eg. for window
queries), summary storage for stream synopses, and
static storage for meta-data (e.p. physical location
of each source). Long-running quenes are registened
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Fipure 1: Abstract reference architecture for a data
stream managpement system.

i the query repository amd placed mto groups for
shared processmg, though one-time querws over the
current state of the stream may also be posed. The
query processor communicates with the mput momn-
tor and may re-optimize the query plans m response
to changing mput rates. Results are streamed to the
wsers or temporarily buffered.

In thes paper, we review recent work in data stream
processng, mceluding data models, query languages,
continuous query processing, and query optimesation.
Related surveys include Babeock ot al. [6], which dis-
cimses stream processing =sues n the context of the
STREAM project, and a totonal by Garofalake et
al. [31], which reviews algonthms for data streams.
An extended version of this survey [39] meludes more
details.

The remander of this paper surveys requrements
of streaming applications (Section 2), models amd
query languages for data streams (Section 1), stream-
ing operators (Section 4}, and query processing and
optimezation (Section 5). We conclode i Section 6
with a lst of academie projects related to dats stream
ket

2 Streaming Applications

We begin by reviewing a collection of data stream ap-
pheations i order to define a set of query types that
a data stream management system should support;
more examples may be found m |60, 65].

2.1 Sensor Networks

sensor networks may be used 1 vanous momtornng
applications that mvolve complex filtering and acta-
vation of an alarm mn respomse to unusual conditions.
Aprregation and joins over multiple streams are re-
quired to analyse data from many sources, whale ap-
pregation over a single stream may be needed to com-
pensate for indmidual sensor falures. Representative

quernes mclude the following:

o Drawing emperaiure condours on a weather
map: Perform a join of temperature streams (on
the temperature attnbute) produced by weather
momtormg statwons.  Jon the resolts with a
static table contaming the latibude and longmtude
of each statwon, and connect all pomnts that have
reported the same temperature with hnes.

¢ Analyee a stream of recent power usage statistics
reported to a power station (group by loeation,
eg. city block), and adjust the power generation
rate if necossary [15].

2.2 Network Traffic Analysis

Ad-hoc systems for analyzang Internet traffic o near-
real time are alresdy i wse to compute traffic statis-
tics and detect ertical conditions (e.g. congestion and
demial of service) [22, 36, 61]. Montormg popular
source and destination addresses 15 particularly -
portant as Internet trafhic patterns are bebeved to
obey the Power Law distnbution, mesmnng that most

of the bandwidth 13 consumed by a small set of heavy

users. Example quenes mmclade:

o Traffic matrices: Determmine the total amount of
bandwidth used by each source-destination paar,
amnd group by protocol type or subnet mask.

¢ Compare the nmumber of detinet source
destination pairs m the (logieal) streams con-
taming the second and third steps, respectively,
of the three-way TCP handshake. If the counts
differ by a large marpin, then a demal-of-service
attack may be taking place.

2.3 Financial Tickers

On-line analysis of stock prices imwvolves dscovering
correlations, wWentifying tremds and arbitrage oppor-
tunities, and forecasting future values [72]. The fol-
lowing are typical queris [63]:

o High Volatidily with Recend Volume Surge: Find
all stocks priced between $2) and $2(0), where
the spresd between the high tick and the low tick
over the past 30 minutes 15 greater than 3% of
the last price, and where 1n the last 5 minutes the
average volume has surged by more than J00%.

o NASDAQ Large Cap Gainers: Find all NAS-
DAQ stocks trading above therr 200-day moving
average with a market cap greater than 55 Bil-

lion that have gained 1 price today by at least
2%, and are within 2% of today’s hugh.
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2.4 Transaction Log Analysis

On-line mining of Web usage logs, telephone call
records, and Automated Bank Machine transactions
also conform to the data stream model. The goal 15
to find mterestime customer behaviour patterns, wen-
tify susprcrons spending behaviour that conld mmdicate
frand, and forecast future data values. The following
are some examphes:

o Examine Web server lops m real-time and re-
route wsers to backup servers if the prnimary
servers are overloaded.

o Hoaming diometer [21]: Mine cellular phone
records and for each customer, determine the
preatest number of distinet base stations used

during one telephone call.

2.5

The preceding examples show sigpmificant sumlanties
in data models and basic operations across applica-
tions (and some differences related to workload char-
acteristics, such as stream arrival rates or the amount
of hstorical data needed). We hist below a set of fun-
damental contimuous query operations over stream-
g data, keeping o mind that new streaming applh-
cations, possibly with additional requirements, wall
likely be proposed m the future.

Analysis of Requirements

s Selection: All streaming applications require

support for complex hltering.

o Nested aggregation: Complex apgregates, melud-
g nested agpregates (e comparing a mini-
mum with a running average) are needed to com-
pute tremds i the data.

s Multiplering and demulliplering: These are suim-
ilar to group-by and union, respectively, and are
wsed to decompose and merpe lopical streams.

s Frequend idem queries: These are also known as
top-k or threshold quenes, depending on the cut-
off condition.

s Strearn miming: Operations such as pattern
matching, similarity searching, and forecasting
are nobded for op-hne mmming of streammg dats.

s Joing: Support should be incloded for multi-
stream jJoins amnd Joins of streams with statie
mwrta-data.

o Windowed queries: All of the above query types
may be constraned to return results mswde a

window (eg. the last 24 hours or the last one
bundred packets).
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3 Data Models and Query Lan-

guages for Streams

The above requirements demand specific features to
be meluded mm the data models and query languages
for data streams. In this section, we survey the pro-
posead models and languages.

3.1 Data Models

A real-time data stream s a sequence of data tems
that arrve m some order and may be seen only onee.
Since items may arrive mn bursts, a data stream may
mstesd be modeled as a sequence of hsts of ele-
ments [64].  Individual stream items may take the
form of relational tuples or instantistions of objects.
In relation-based models (eg. STREAM [56]), items
are transient tuples stored m virtual relatons, possi-
bly horrsontally partibioned across remote nodes. In
ohject-based models (eg. COUGAR [10] and Tribeca
[61]), sources and item types are modeled as hierar-
chical data types with sssociated methods.

In many cases, only an excerpt of a stream 15 of -
terest at any piven time, grving rse to window mod-
els, whech may be classified according the the follow-
g three eriteria [14, 33

1. Dhirection of movement of the endpoints: Two
fixed endpoimnts define a ficed window, two shd-
ng endpoints (either forward or backward, re-
placing old iems as new tems armve) define a
stiding window, while one fixed endpomt and one
moving endpoint (forward or backward) define a
landmark window.

2. Physical va. lovpieal: Physieal, or time-based win-
dows are defined 1n terms of a time interval, whale
lopical, (also known as cound-based ) windows are
defined m terms of the number of tuples.

3. Update interval: Eager re-evaluation updates the
window upon arrival of each new tuple, while
batch processing (laxy re-evaluation) mduces a
“jumping window”.  If the update interval s
larper than the window sze, the result 15 a senes

of non-overlapping tumbling windows [11).

3.2 Continuous Query Semantics

Assume for sunphety that time 1= represented as a
sorquence of intepers. Let A{Q), £) be the answer set of
a continuonus query § at time £, T be the current time,
amd [ be the starting time. If a continuows query 1
monctonie, 1t suffices to re-evaluate the query over
newly armved items and append qualifyving tuples to



