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Abstract

CQL, a Continuous Query Language, is supported by the STREAM protot ype Data Stream
Management System at Stanford. CQL is an expressive SQL-baseddeclarative language for
registering continuous queriesagainst streamsand updatable relations. We begin by presenting
an abstract semantics that relies only on \black box" mappings among streams and relations.
From these mappings we de¯ne a precise and general interpretation for continuous queries.
CQL is an instantiation of our abstract semantics using SQL to map from relations to relations,
window speci¯cations derived from SQL-99 to map from streams to relations, and three new
operators to map from relations to streams. Most of the CQL languageis operational in the
STREAM system. We present the structure of CQL's query execution plans as well as details
of the most important components: operators, inter-operator queues,synopses,and sharing of
components among multiple operators and queries. Examples throughout the paper are drawn
from the Linear Road benchmark recently proposedfor Data Stream Management Systems.We
alsocurate a public repository of data stream applications that includesa wide variety of queries
expressedin CQL.

1 In tro duction

There has beena considerablesurge of research in many aspects of processingcontinuous queries
over unbounded data streams [Geh03, GO03]. Many papers include example continuous queries
expressedin some declarative language, e.g., [ABB + 02, CDTW00, CF02, DGGR02, HFAE03,
MSHR02]. However, these queries tend to be simple and primarily for illustration|a precise
languagesemantics, particularly for more complex queries,often is left unclear. Furthermore, very
little has beenpublished to date covering execution details of general-purposecontinuous queries.
In this paper we present the CQL languageand execution engine for general-purposecontinuous
queries over streams and updatable relations. CQL (for Continuous Query Language) is an in-
stantiation of a precise abstract continuous semantics also presented in this paper, and CQL is
implemented in the STREAM protot ype Data Stream Management System (DSMS) at Stanford
[STR].

It may appear initially that de¯ning a continuousquery languageover (relational) streamsis not
di±cult: Takea relational query language,replacereferencesto relations with referencesto streams,
register the query with the stream processor,and wait for answers to arrive. For simple monotonic
queriesover completestream histories indeedthis approach is nearly su±cient. However, asqueries
get more complex|when we add aggregation, subqueries, windowing constructs, relations mixed
with streams,etc.|the situation becomesmuch murkier. Consider the following simple query:

¤This work was supported by the National ScienceFoundation under grants I IS-0118173and I IS-9817799,and by
a 3Com Stanford Graduate Fellowship.
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Select P.price
From Items [Rows 5] as I, PriceTable as P
Where I.itemID = P.itemID

Items is a stream of purchaseditems, PriceTable is a table (relation) containing the price of items,
and [Rows 5] speci¯es a 5-element sliding window. Even this simple query has no single obvious
interpretation that we know of. For example, is the result of the query a stream or a relation?
What happens to the query result when the price of a recently-purc haseditem|i.e., an item still
within the 5-element window|c hanges?

In this paper, we initially de¯ne a preciseabstract semanticsfor continuousqueries. Our abstract
semantics is basedon two data types|streams and relations|and three classesof operators over
these types: operators that produce a relation from a stream (stream-to-relation), operators that
produce a relation from other relations (relation-to-relation), and operators that produce a stream
from a relation (stream-to-relation). The three classesof operators are \black box" components of
our abstract semantics: our semantics doesnot depend on the exact operators in theseclasses,but
only on the genericproperties of all operators in theseclasses.

CQL instantiates the black boxesin our abstract semantics: It usesSQL to expressits relation-
to-relation operators, a window speci¯cation languagederived from SQL-99 to expressits stream-
to-relation operators, and a set of three operators for its relation-to-stream operators. Most of CQL
is fully operational in our protot ype DSMS [STR]. CQL has beenusedto specify the Linear Road
benchmark proposed for data stream systems[TCA03], and to specify a variety of other stream
applications in a public repository we are curating [SQR].

In de¯ning our abstract semantics and concrete languagewe had certain goals in mind:

1. Wewanted to exploit well-understood relational semantics (and by extensionrelational rewrites
and execution strategies) to the extent possible.

2. We wanted queriesperforming simple tasks to be easyand compact to write. Conversely, we
wanted simple-appearing queriesto do what one expects.

We believe thesegoalshave beenachieved to a large extent.
The STREAM query processingengine is basedon physical query plans generatedfrom CQL

textual queries. Often query plan merging occurs, so a single query plan may compute multiple
continuous queries. In this paper we focus on the structure and details of the execution plans
themselves,not on how plans are selectedor how they migrate and adapt over time (which are the
subjects of forthcoming papers).

In developing the structure of our query execution plans we had certain goals in mind:

3. We wanted plans built from modular and pluggable components basedon generic interfaces,
especially for operators and synopsisstructures.

4. We wanted an execution model that e±ciently captures the combination of streams and
relations that forms the basisof our language.

5. We wanted an architecture permitting easyexperimentation with di®erent strategies for op-
erator scheduling, over°owing state to disk, sharing state and computation among multiple
continuous queries,and other crucial issuesa®ectingperformance.

Heretoo webelievethesegoalshavebeenachievedto a largeextent. To summarizethe contributions
of this paper:
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² Weformalize streamsand updatable relations (Section4), and de¯ne an abstract semantics for
continuousqueriesbasedon three black-box classesof operators: stream-to-relation, relation-
to-relation, and relation-to-stream (Section 5).

² We de¯ne our concrete language, CQL, which instantiates the black boxes in the abstract
semantics asdiscussedearlier (Section 6). We de¯ne syntactic shortcuts and defaults in CQL
for convenient and intuitiv e query formulation, and we point out a few equivalencesin the
language(Section 9).

² We illustrate the expressive power of CQL using a hypothetical road tra±c management
application proposedas a benchmark for data stream systems[TCA03] (Sections3 and 7).
We also comparethe expressivenessof CQL against related query languages(Section 10).

² We describe the query execution plans and strategiesusedin the STREAM system for CQL
queries. We focus speci¯cally on operators, inter-operator queues,synopses,and sharing of
components among multiple operators and queries(Section 11).

2 Related Work

A preliminary description of our abstract semantics and the CQL languageappearedas an invited
paper in [ABW03]. That paper did not include query transformations, the Linear Road benchmark,
or any of the material on query execution included in this paper.

A comprehensive description of work related to data streams and continuous queries is given
in [BBD + 02]. Here we focus on work related to languagesand semantics for continuous queries.

Continuous querieshave beenusedeither explicitly or implicitly for quite sometime. Materi-
alized views[GM95] are a form of continuous query, sincea view is continuously updated to re°ect
changesto its baserelations. Reference[JMS95] extends materialized views to include chronicles,
which essentially are continuous data streams. Operators are de¯ned over chronicles and relations
to produce other chronicles, and also to transform chronicles to materialized views. The operators
are constrained to ensure that the resulting materialized views can be maintained incrementally
without referencingentire chronicle histories.

Continuous queries were intro duced explicitly for the ¯rst time in
Tapestry [TGNO92] with a SQL-based language called TQL . (A similar language is considered
in [Bar99].) Conceptually, a TQL query is executed once every time instant as a one-time SQL
query over the snapshotof the databaseat that instant, and the results of all the one-time queries
are mergedusing set union. Several systemsusecontinuous queriesfor information dissemination,
e.g., [CDTW00, LPT99, NACP01]. The semantics of continuous queries in these systemsis also
basedon periodic executionof one-timequeriesasin Tapestry. In Section10, weshow how Tapestry
queriesand materialized views over relations and chronicles can be expressedin CQL.

The abstract semantics and concrete languageproposed in this paper are more general than
any of the languagesabove, incorporating window speci¯cations, constructs for freely mixing and
mapping streamsand relations, and the full power of any relational query language. Recent work
in the TelegraphCQ system [CC+ 03b] proposesa declarative languagefor continuous querieswith
a particular focus on expressive windowing constructs. The TelegraphCQ language is discussed
again brie°y in Section10.6. The ATLaS [WZL02] SQL extensionprovides languageconstructs for
expressingincremental computation of aggregatesover windows on streams,but in the context of
simple SPJ queries. GSQL [CJSS03] is a SQL-like languagedeveloped for Gigascope, a DSMS for
network monitoring applications. GSQL is comparedagainst CQL in Section 10.
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Figure 1: The Linear Road highway system

Several systemssupport procedural continuous queries,as opposedto the declarative approach
in this paper. The event-condition-action rules of active databasesystems,closely related to SQL
triggers, fall into this category [PD99]. The Aurora system [CC+ 02] is based on users directly
creating a network of stream operators. A large number of operator typesare available, from simple
stream ¯lters to complex windowing and aggregation operators. The Tribeca stream-processing
system for network tra±c analysis [Sul96] supports windows, a set of operators adapted from
relational algebra, and a simple languagefor composing query plans from them. Trib ecadoesnot
support joins acrossstreams. Both Aurora and Trib ecaare comparedagainst CQL in more detail
in Section 10.

Sincestream tuples have timestamps and therefore ordering, our semantics and query language
are related to temporal [OS95]and sequence [SLR95]query languages.In most respectsthe temporal
or ordering constructs in those languagessubsumethe corresponding features in ours, making our
languagelessexpressivebut easierto implement e±ciently . Also note that the semantics of temporal
and sequencelanguagesis for one-time, not continuous, queries.

3 In tro duction to Running Example

We intro duce a running example based on a hypothetical road tra±c management application
intro duced in the Linear Road benchmark for data stream management systems[TCA03]. We use
a simpli¯ed version of the Linear Road application to illustrate various aspects of our language,
semantics, and execution plans; full details can be found in the original speci¯cation [TCA03].

The Linear Road application usesvariable tol ling|adaptiv e, real-time computation of vehicle
tolls basedon tra±c conditions|to regulate vehicular tra±c on a system of highways. To enable
variable tolling each vehicle is equipped with a sensor that continuously relays its position and
speed to a central server. The server aggregatesthe information received from all vehicleson the
highway system, computes tolls in real-time, and transmits tolls back to vehiclesusing the sensor
network.

Figure 1 shows the Linear Road highway system. There are L highways numbered0; : : : ; L ¡ 1.
Each highway is 100 miles long and runs east-west. Tra±c °ows in both directions on a highway.
In each direction, a highway is divided into 100 1-mile segments and has exit and entrance ramps
at the segment boundaries. When a vehicle is on a highway, its current speed (miles per hour)
and position is reported to the central server every 30 seconds.A position is speci¯ed using three
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attributes: the highway number (0; : : : ; L ¡ 1), the direction (east or west), and the position on
the highway speci¯ed by number of feet from the left (west) end of the highway. (In the complete
Linear Road application [TCA03] each highway has 6 lanes|3 in each direction|but we abstract
away that detail in our examples.)

Vehicles pay a toll whenever they drive in a congested segment, while no toll is charged for
uncongestedsegments. A segment is congestedif the averagespeedof all vehiclesin the segment
over the last 5 minutes is lessthan 40 miles per hour (MPH). The toll for a congestedsegment is
given by the formula basetoll £ (numvehicles¡ 150)2, where basetoll is a prespeci¯ed constant and
numvehiclesis the number of vehiclescurrently in the segment. Note that the toll for a congested
segment changeswhenever vehicles enter or leave the segment. When the server detects that a
vehicle has entered a congestedsegment, the server outputs the current toll for the segment which
is conveyed back to the vehicle.

In stream terminology, the simpli¯ed Linear Road application in this paper has:

² A single input stream|the stream of positions and speedsof vehicles

² A single continuous query computing the tolls

² A single output toll stream

As the paper progresseswe will illustrate how we model, express,and executethis application using
our language,semantics, and query execution strategies.

4 Streams and Relations

In this section we de¯ne a formal model of streams and updatable relations. As in the standard
relational model, each streamand relation hasa ¯xed schemaconsistingof a setof namedattributes.
For stream element arrivals and relation updates we assumea discrete, ordered time domain T .
A time instant (or simply instant) is any value from T . For concreteness,we represent T as
the nonnegative integers f 0; 1; : : :g; in particular note that 0 stands for the earliest time instant.
Time domain T models an application's notion of time, not particularly systemor wall-clock time.
Thus, although T may often be of type Datetime, our semantics only requiresany discrete,ordered
domain. (A thorough discussion of time issuesin Data Stream Management Systems appears
in [SW03].)

De¯nition 4.1 (Stream ) A stream S is a (possibly in¯nite) bag (multiset) of elements hs;¿i ,
where s is a tuple belonging to the schema of S and ¿ 2 T is the timestamp of the element. 2

Note that the timestamp is not part of the schema of a stream, and there could be zero, one, or
multiple elements with the sametimestamp in a stream. We only require that there be a ¯nite
(but unbounded) number of elements with a given timestamp.

There are two classesof streams: basestreams, which are the sourcedata streamsthat arrive at
the DSMS, and derived streams, which are intermediate streamsproduced by operators in a query.
We usethe term tuple of a stream to denotethe data (non-timestamp) portion of a stream element.

Example 4.1 In the Linear Road application there is just one base stream containing vehicle
speed-position measurements, with schema:

PosSpeedStr(vehicleId,speed,xPos,dir,hwy)
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Attribute vehicleId identi¯es the vehicle, speed denotes the speed in MPH, hwy denotes the
highway number, dir denotesthe direction (east or west), and xPos denotesthe position of the
vehiclewithin the highway in feet, asdescribed in Section3. The time domain is of type Datetime,
and for this application the timestamp of a stream element denotes the physical time when the
position and speedmeasurements were taken. 2

De¯nition 4.2 (Relation ) A relation R is a mapping from T to a ¯nite but unbounded bag of
tuples belonging to the schema of R. 2

A relation R de¯nes an unordered bag of tuples at any time instant ¿ 2 T , denoted R(¿). Note
the di®erencebetweenthis de¯nition for relation and the standard one: in the standard relational
model a relation is simply a set (or bag) of tuples, with no notion of time as far as the semantics
of relational query languagesare concerned.

We use the term instantaneous relation to denote a relation in the traditional bag-of-tuples
sense,and relation to denote a time-varying bag of tuples as in De¯nition 4.2. Thus, if R denotes
a relation, R(¿) denotesan instantaneousrelation. Often when there is no ambiguit y we omit the
term instantaneouswhen referring to an instantaneousrelation (e.g., \at time ¿ relation R contains
the bag of tuples ..."). We use the term base relation for input relations and derived relation for
relations produced by query operators.

Example 4.2 The Linear Roadapplication contains no baserelations, but several derivedrelations
are useful in toll computation. For example,the toll for a congestedsegment dependson the current
number of vehiclesin the segment, which can be represented in a derived relation:

SegVolRel(segNo,dir,hwy,numVehicles)

Attribute hwy denotes the highway number, dir denotes the direction, segNo identi¯es the seg-
ment within the highway, and numVehicles is the number of vehiclesin the segment. At time ¿,
SegVolRel(¿) contains the number of vehicles in each highway segment as of time ¿. (Actually
becausevehiclesonly report positions every 30 seconds,somevehiclescounted for a segment may
have already left that segment, but we have no way of knowing.) Section 7 shows how derived
relation SegVolRel is speci¯ed over basestream SpeedPosStr, and how SegVolRel is used in the
main toll-computing continuous query. 2

As this example suggests,the concept of a relation is useful even in applications whoseinputs
and outputs are all streams. It seemsmore natural to model \the current number of vehicles
in a segment" as a time-varying relation, rather than as a stream of the latest values. From an
expressivenesspoint of view, it is not necessaryto have both streams and relations: we could
have picked just one of streamsand relations and designedour languagearound it without lossof
expressiveness;this issue is discussedfurther in Section 10.6. In our implementation we encode
both streamsand relations uniformly as \plus-min us streams," as discussedin Section 11.

5 Abstract Semantics

This section presents our abstract semantics for continuous queries. As review from Section 1, our
semantics is basedon three classesof operators over streamsand relations:

² stream-to-relation operators that produce a relation from a stream

² relation-to-relation operators that produce a relation from one or more other relations
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Figure 2: Operator classesand mappings usedin abstract semantics

² relation-to-stream operators that produce a stream from a relation

Recall that by \relation" we are referring to our formal notion of a time-varying (updatable)
relation, as de¯ned in Section 4.

Stream-to-stream operators are absent|they have to be composedfrom operators of the three
classesabove. As we will discuss in detail in Section 6, the rationale for this decision is based
primarily on our goal #1 from Section 1: exploiting well-understood relational semantics (and by
extension relational rewrites and execution strategies) to the extent possible.

First someterminology: S up to ¿ denotesthe bag of elements in stream S with timestamps
· ¿, i.e., fhs;¿0i 2 S : ¿0 · ¿g. S at ¿ denotes the bag of elements of S with timestamp ¿,
i.e., fhs;¿0i 2 S : ¿0 = ¿g. Similarly, R up to ¿ denotesthe collection of instantaneous relations
R(0); : : : ; R(¿), and R at ¿ denotesthe instantaneousrelation R(¿).

1. A stream-to-relation operator takesa stream S as input and producesa relation R as output
with the sameschema as S. At any instant ¿, R(¿) should be computable from S up to ¿.

2. A relation-to-relation operator takesone or more relations R1; : : : ; Rn as input and produces
a relation R as output. At any instant ¿, R(¿) should be computable from R1(¿); : : : ; Rn (¿).

3. A relation-to-stream operator takesa relation R as input and producesa stream S as output
with the sameschema as R. At any instant ¿, S at ¿ should be computable from R up to ¿.

Now we de¯ne our abstract semantics.

De¯nition 5.1 (Con tin uous Semantics ) Consider a query Q that is any type-consistent com-
position of operators from the above three classes.Supposethe set of all inputs to the innermost
(leaf) operators of Q are streamsS1; : : : ; Sn (n ¸ 0) and relations R1; : : : ; Rm (m ¸ 0). We de¯ne
the result of continuous query Q at a time ¿, which denotesthe result of Q onceall inputs up to ¿
are \available" (a notion discussedbelow). There are two cases:

² Case1: The outermost (topmost) operator in Q is relation-to-stream, producing a stream S
(say). The result of Q at time ¿ is S up to ¿, producedby recursively applying the operators
comprising Q to streamsS1; : : : ; Sn up to ¿ and relations R1; : : : ; Rm up to ¿.

² Case2: The outermost (topmost) operator in Q is stream-to-relation or relation-to-relation,
producing a relation R (say). The result of Q at time ¿ is R(¿), produced by recursively
applying the operators comprising Q to streamsS1; : : : ; Sn up to ¿ and relations R1; : : : ; Rm

up to ¿.

2
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Basedon this de¯nition, informally we can think of continuousqueriesoperationally as follows.
Let time \advance" within domain T , further discussedbelow. First consider a query producing
a stream. At time ¿ 2 T , all inputs up to ¿ are processedand the continuous query emits any
new stream result elements with timestamp ¿. Becauseof our assumptionson operators, no new
stream elements with timestamp < ¿ can be produced from inputs with timestamp ¸ ¿. A query
producing a relation is similar: At time ¿, all inputs up to ¿ are processedand the continuous
query updates the output relation to state R(¿).

Now let us understand what it meansfor time to advancewithin domain T . The relationship
between application time, wall-clock time, and system time is a complex issuediscussedin depth
in a separate paper [SW03]. However, for precise query semantics we need make no additional
assumptionsbeyond those already made in this paper. Time \advances" to ¿ from ¿ ¡ 1 when all
inputs up to ¿ ¡ 1 have been processed. It appears we are tacitly assuming that streams arrive
in timestamp order, relations are updated in timestamp order, and there is no timestamp \skew"
acrossstreamsor relations. In practice, to implement our semantics correctly, systemscopewith out
of order and skewed inputs. This issueis revisited in Section 8 and thoroughly covered by [SW03].

As an example, in the Linear Road application the sequenceof operators producing derived
relation SegVolRel conceptually produces, at every time instant ¿, the instantaneous relation
SegVolRel(¿) containing the current number of vehiclesin each segment. In a DSMS implementing
our semantics, SegVolRel(¿) cannot beproduceduntil it is known that all elements on input stream
SegVolRel(segNo,dir,hwy,numVehicles) with timestamp · ¿ have beenreceived. Furthermore,
once they have, there may be additional lag before the relation is actually updated due to query
processingtime. Our semantics doesnot dictate \liv eness"of continuous query output|that issue
is relegatedto latency management in the query processor[BBDM03, CC+ 03a].

6 Con tin uous Query Language

This sectionpresents our concretelanguage,CQL, which is de¯ned by instantiating the operators of
our abstract semantics. Wealsospecify a few syntactic shortcuts and defaults to simplify expression
of somecommon operations.

Broadly, our approach to designing operators in CQL is as follows: Support a large class of
relation-to-relation operators, which perform the bulk of data manipulation in a typical CQL query,
along with a small set of stream-to-relation and relation-to-stream operators that convert streams
to relations and back. The primary advantage of this approach is the abilit y to reusethe formal
foundations and hugebody of implementation techniquesfor relation-to-relation languagessuch as
relational algebraand SQL, instead of starting from scratch with a heavily stream-basedlanguage.
Furthermore, as we will see,queriesin CQL are quite natural to express.

Technically, we cannot directly import existing conventional relation-to-relation operators into
our concrete language, since they operate on instantaneous relations while we operate on time-
varying relations, but the mapping is obvious: Let Or denote a traditional relational operator
or query over instantaneous input relations R1; : : : ; Rn . The corresponding relation-to-relation
operator Oc in CQL produces the time-varying relation R such that at each time ¿, R(¿) =
Or (R1(¿); : : : ; Rn (¿)).

An apparent drawback of our approach is that even a simple ¯lter on a stream requires three
operators: one to turn the stream into a relation, one to perform a relational ¯lter, and oneto turn
the relation back into a stream. However, CQL's defaults and syntactic shortcuts make ¯lters and
other simple querieseasyto express(Section 6.4).

Next in Sections6.1{6.3 we cover the three classesof operators in CQL.
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6.1 Stream-to-Relation Op erators

Currently all stream-to-relation operators in CQL are basedon the concept of a sliding window
over a stream: a window that at any point of time contains a historical snapshotof a ¯nite portion
of the stream. We have three classesof sliding window operators in CQL: time-based, tuple-based,
and partitioned, de¯ned below. Syntactically , the sliding window operators are speci¯ed using a
window speci¯cation languagederived from SQL-99. Other typesof sliding windows such as ¯xed
windows [Sul96], tumbling windows [CC+ 02], value-based windows [SLR95],or any other windowing
construct can be incorporated into CQL easily|new syntax must be added, but the semantics of
incorporating a newwindow type reliessolelyon the semantics of the window operator itself, thanks
to the development of our abstract semantics.

6.1.1 Time-based sliding windo ws

A time-basedsliding window on a stream S takesa time-interval T as a parameter and is speci¯ed
by following the referenceto S with [Range T] .1 We do not specify a syntax or restrictions for
time-interval T at this point, but we assumeit speci¯es a computable period of application time.
Intuitiv ely, a time-basedwindow de¯nes its output relation over time by sliding an interval of size
T time units capturing the latest portion of an ordered stream. More formally, the output relation
R of \ S [Range T] " is de¯ned as:

R(¿) = f s j hs;¿0i 2 S ^ (¿0 · ¿) ^ (¿0 ¸ maxf ¿ ¡ T; 0g)g

Two important special casesare T = 0 and T = 1 . When T = 0, R(¿) consistsof tuples obtained
from elements of S with timestamp ¿. In CQL we intro duce the syntax \ S [Now]" for this special
case. When T = 1 , R(¿) consistsof tuples obtained from all elements of S up to ¿ and usesthe
SQL-99 syntax \ S [Range Unbounded]." We use the terms Nowwindow and Unboundedwindow
to refer to thesetwo special windows.

Example 6.1 \ PosSpeedStr [Range 30 Seconds]" denotes a time-based sliding window of 30
secondsover input stream PosSpeedStr. At any time instant, the output relation of the sliding
window contains the bag of position-speed measurements from the previous 30 seconds. Simi-
larly, at any instant \ PosSpeedStr [Now]" contains the (possibly empty) bag of position-speed
measurements from that instant, and \ PosSpeedStr [Range Unbounded]" contains the bag of all
position-speedmeasurements so far. 2

6.1.2 Tuple-based windo ws

A tuple-based sliding window on a stream S takes a positive integer N as a parameter and is
speci¯ed by following the referenceto S in the query with [Rows N]. Intuitiv ely, a tuple-based
window de¯nes its output relation over time by sliding a window of the last N tuples of an ordered
stream. More formally, for the output relation R of \ S [Rows N]," R(¿) consistsof the N tuples
of S with the largest timestamps · ¿ (or all tuples if the length of S up to ¿ is · N ). Suppose
we specify a sliding window of N tuples and at somepoint there are several tuples with the N th
most recent timestamp (while for clarit y let us assumethe other N ¡ 1 more recent timestamps
are unique). Then we must \break the tie" in somefashion to generateexactly N tuples in the
window. We assumesuch ties are broken arbitrarily . Thus, tuple-based sliding windows may be

1 In all three of our window typeswe dropped the keyword Preceding appearing in the SQL-99 syntax and in our
earlier speci¯cation [MW + 03]|w e only have \preceding" windows for now so the keyword is super°uous.
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nondeterministic|and therefore may not be appropriate|when timestamps are not unique. The
special caseof N = 1 is speci¯ed by [Rows Unbounded], and is equivalent to [Range Unbounded].

Example 6.2 A tuple-basedsliding window doesnot make much senseover stream PosSpeedStr
(except the caseof N = 1 ) since stream element timestamps are not unique. For example, at
any instant sliding window PosSpeedStr [Rows 1] denotesthe \latest" position-speed measure-
ment, which is ambiguouswhenever multiple measurements carry the sametimestamp|a common
occurrencein the Linear Road application. 2

6.1.3 Partitioned Windo ws

A partitioned sliding window on a stream S takesa positive integer N and a subset f A1; : : : ; Akg
of S's attributes as parameters. It is speci¯ed by following the referenceto S in the query with
[Partition By A1,...,A k RowsN]. Intuitiv ely, this window logically partitions S into di®erent
substreams based on equality of attributes A1; : : : ; Ak (similar to SQL Group By), computes a
tuple-based sliding window of size N independently on each substream, then takes the union of
these windows to produce the output relation. More formally, a tuple s with values a1; : : : ; ak

for attributes A1; : : : ; Ak occurs in output instantaneous relation R(¿) i® there exists an element
hs;¿0i 2 S, ¿0 · ¿ such that ¿0 is among the N largest timestamps of elements whosetuples have
values a1; : : : ; ak for attributes A1; : : : ; Ak . Note that analogoustime-based partitioned windows
would provide no additional expressivenessover nonpartitioned time-basedwindows.

Example 6.3 The partitioned window \ PosSpeedStr [Partition By vehicleId Rows1] " par-
titions stream PosSpeedStr into substreamsbasedon vehicleId and picks the latest element in
each substream. (Note that there is no ambiguit y in picking the latest element in each substream,
sinceposition-speedreports for a particular vehicleare madeonly oncein 30 secondsand the gran-
ularit y of Datetime is onesecond.) At any time instant, the relation de¯ned by the window contains
the latest speed-position measurement for each vehicle that has ever transmitted a measurement.
2

6.2 Relation-to-Relation Op erators

The relation-to-relation operators in CQL are derived from traditional relational queriesexpressed
in SQL, with the straightforward semantic mapping to time-varying relations speci¯ed at the be-
ginning of this section. Anywhere a traditional relation is referencedin a SQL query, a (base or
derived) relation can be referencedin CQL.

Example 6.4 Consider the following CQL query for the Linear Road application:

Select Distinct vehicleId
From PosSpeedStr [Range 30 Seconds]

This query is composedfrom a stream-to-relation sliding window operator, followed by a relation-
to-relation operator that performsprojection and duplicate-elimination. The output relation of this
query contains, at any time instant, the set of \activ e vehicles"|those vehicleshaving transmitted
a position-speedmeasurement within the last 30 seconds. 2
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6.3 Relation-to-Stream Op erators

CQL has three relation-to-stream operators: Istream, Dstream, and Rstream. In the following
formal de¯nitions, operators [ , £ , and ¡ are assumedto be the bag versions.

1. Istream (for \insert stream") applied to relation R contains a stream element hs;¿i whenever
tuple s is in R(¿) ¡ R(¿ ¡ 1). Assuming R(¡ 1) = Á for notational simplicit y, we have:

Istream (R) =
[

¿¸ 0

((R(¿) ¡ R(¿ ¡ 1)) £ f ¿g)

2. Analogously, Dstream (for \delete stream") applied to relation R contains a stream element
hs;¿i whenever tuple s is in R(¿ ¡ 1) ¡ R(¿). Formally:

Dstream(R) =
[

¿> 0

((R(¿ ¡ 1) ¡ R(¿)) £ f ¿g)

3. Rstream (for \relation stream") applied to relation R contains a stream element hs;¿i when-
ever tuple s is in R at time ¿. Formally:

Rstream(R) =
[

¿¸ 0

(R(¿) £ f ¿g)

A careful reader may observe that Istream and Dstream are expressibleusing Rstream along with
time-basedsliding windows and somerelational operators. However, we retain all three operators
in CQL in keepingwith goal #2 from Section 1: easyqueriesshould be easyto write.

Example 6.5 Consider the following CQL query for stream ¯ltering:

Select Istream(*)
From PosSpeedStr [Range Unbounded]
Where speed > 65

(Note the syntax of the relation-to-stream operator in the Select clause.) This query is composed
from three operators: an Unboundedwindow producing a relation that at time ¿ contains all
speed-position measurements up to ¿, a relational ¯lter operator that restricts the relation to those
measurements with speedgreater than 65 MPH, and an Istream operator that streamsnew values
in the (¯ltered) relation as the result of the query. The e®ectis a simple ¯lter over PosSpeedStr
that outputs all input elements with speed greater than 65 MPH. The same¯lter query can be
written using the Rstream operator and a Nowwindow:

Select Rstream(*)
From PosSpeedStr [Now]
Where speed > 65

As we will seeshortly, our defaults also permit this query to be written in its most intuitiv e form:

Select * From PosSpeedStr Where speed > 65

2

The Istream operator is usedmost commonly with Unboundedwindows to express¯lter condi-
tions asshown above, or to stream the results of sliding-window join queries. The Rstream operator
is usedmost commonly with Nowwindows to express¯lter conditions asshown above, or to stream
the results of joins between streams and relations, as we will seein Query 6 of Section 7. The
Dstream operator is used lessfrequently than Istream or Rstream; see[SQR] for examplesof its
use.
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6.4 Syntactic Shortcuts and Defaults

In keepingwith goal #2 in Section 1, we permit somesyntactic \shortcuts" in CQL that result in
the application of certain defaults. Of coursethere may be caseswhere the default behavior is not
what the author intended, so we assumethat when queriesare registered the system informs the
author of the defaults applied and o®ersthe opportunit y to edit the expandedquery. There are
two classesof shortcuts: omitting window speci¯cations and omitting relation-to-stream operators.

Default Windo ws

When a stream is referencedin a CQL query where a relation is expected (most commonly in
the From clause), an Unboundedwindow is applied to the stream by default. While the default
Unboundedwindow usually producesappropriate behavior, there are caseswhere a Nowwindow is
more appropriate, e.g., when a stream is joined with a relation; seeQuery 6 in Section 7.

Default Relation-to-Stream Op erators

There are two casesin which it seemsnatural for authors to omit an intended Istream operator
from a CQL query:

1. On the outermost query, evenwhenstreamed resultsrather than stored resultsaredesired[MW + 03].

2. On an inner subquery, even though a window is speci¯ed on the subquery result.

For the ¯rst casewe add an Istream operator by default whenever the query producesa relation
that is monotonic. A relation R is monotonic i® R(¿1) µ R(¿2) whenever ¿1 · ¿2. A conservative
monotonicity test can be performed statically. For example, a baserelation is monotonic if it is
known to be append-only, \ S [Range Unbounded]" is monotonic for any stream S, and the join of
two monotonic relations alsois monotonic. If the result of a CQL query is a monotonic relation then
it makesintuitiv e senseto convert the relation into a stream using Istream . If it is not monotonic,
the author might intend Istream , Dstream, or Rstream, so we do not add a relation-to-stream
operator by default.

For the secondcaseweadd an Istream operator by default whenever the subquery is monotonic.
If it is not, then the intended meaningof a window speci¯cation on the subquery result is somewhat
ambiguous, so a semantic (t ype) error is generated,and the author must add an explicit relation-
to-stream operator.

Example 6.6 Now we seewhy the ¯lter query of Example 6.5 can written in its most intuitiv e
form:

Select * From PosSpeedStr Where speed > 65

SincePosSpeedStr is referencedwithout a window speci¯cation, an Unboundedwindow is applied
by default. Further, since the output relation of the window and ¯lter operators is monotonic, we
add a default Istream operator to the result. 2

7 Linear Road in CQL

Recall that the Linear Road application hasonebaseinput stream, PosSpeedStr, containing speed-
position measurements of vehiclesusing the highway system. For illustration in this paper, our only
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Figure 3: Derived relations and streamsfor Linear Road queries

goal is to compute the output toll stream TollStr(vehicleId,toll) . Recall that a vehicle with
vehicleId v entering a congestedsegment at time ¿ should result in a TollStr output element
h(v,l ); ¿i where l denotesthe toll for the congestedsegment at time ¿.

We incorporate two assumptionssuggestedin the original Linear Road speci¯cation [TCA03]
for computing tolls:

1. A vehicle is consideredto have entered a segment when the ¯rst speed-position measurement
for the vehicle is transmitted from that segment. The vehicle is consideredto remain in the
segment until it exits the system (seeAssumption 2 next) or enters another segment (i.e., a
speed-position measurement is transmitted from a di®erent segment).

2. A vehicle is consideredto have exited the system when no speed-position measurement for
that vehicle is transmitted for 30 seconds.

Theseassumptionsare necessarygiven that each vehicle transmits its speed-position measurement
only onceeach 30 seconds.

Since the continuous query producing TollStr is fairly complex, we expressit using several
named derived relations and streams. Figure 3 shows the derived relations and streams that
we use, and their interdependencies. For example, TollStr is produced from derived stream
VehicleSegEntryStr and derived relations CongestedSegReland SegVolRel. Our onebaseinput
stream PosSpeedStr naturally appears as the source. We present speci¯cations for the derived
streams and relations in topological order according to Figure 3. For each derived stream and
relation, we ¯rst describe its meaning, followed by the CQL (sub)query that producesit.

Query 1 SegSpeedStr(vehicleId,speed,segNo,dir,hwy) : This streamis obtained from PosSpeedStr
by replacing the xPos attribute of each element with the corresponding segment number. Since
segments are exactly 1 mile long, the segment number is computed by (integer-)dividing xPos by
1760, the number of feet in a mile.

Select vehicleId, speed, xPos/1760 as segNo, dir, hwy
From PosSpeedStr

Note the useof a default Unboundedwindow and a default Istream operator in this query. 2

Query 2 ActiveVehicleSegRel(vehicleId,segNo,dir,hwy) : At any instant ¿, this relation
contains the current segments of \activ e" vehicles,i.e., vehiclescurrently using the highway system.
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Select Distinct L.vehicleId, L.segNo, L.dir, L.hwy
From SegSpeedStr [Range 30 Seconds] as A,

SegSpeedStr [Partition by vehicleId Rows1] as L
Where A.vehicleId = L.vehicleId

Informally , the query uses a time-based window to identify currently active vehicles (based on
Assumption 2 above) and a partitioned window to identify the latest segments of thesevehicles. 2

Query 3 VehicleSegEntryStr(vehicleId,segNo,dir,hwy) : A vehicle v entering a segment
(s,d,h ) (recall that a segment is speci¯ed using three attributes: the highway number h, direction
within the highway d, and the segment number s within the highway) at time ¿ producesan element
h(v,s,d,h ); ¿i on this stream.

Select Istream(*) From ActiveVehicleSegRel

VehicleSegEntryStr is produced by applying the Istream operator to
ActiveVehicleSegRel . A vehicle v entering a segment (s,d,h ) at time ¿ causesa new tuple to
appear in ActiveVehicleSegRel at ¿, which causesthe Istream operator to produce an element
h(v,s,d,h ); ¿i in VehicleSegEntryStr . 2

Query 4 CongestedSegRel(segNo,dir,hwy) : At any instant ¿, this relation contains the current
set of congestedsegments. Recall from Section 3 that a segment is consideredcongestedif the
averagespeedof vehiclesin the segment in the previous 5 minutes is lessthan 40 MPH.

Select segNo, dir, hwy
From SegSpeedStr [Range 5 Minutes]
Group By segNo, dir, hwy
Having Avg(speed) < 40

2

Query 5 SegVolRel(segNo,dir,hwy,numVehicles) : This relation was intro duced in Exam-
ple 4.2. At any instant ¿, this relation contains the current count of vehiclesin each segment.

Select segNo, dir, hwy, count(vehicleId) as numVehicles
From ActiveVehicleSegRel
Group By segNo, dir, hwy

2

Query 6 TollStr(vehicleId,toll) : This the ¯nal output toll stream.

Select Rstream(E.vehicleId,
basetoll * (V.numVehicles - 150)

* (V.numVehicles - 150) as toll)
From VehicleSegEntryStr [Now] as E,

CongestedSegRel as C, SegVolRel as V
Where E.segNo = C.segNo and C.segNo = V.segNo and

E.dir = C.dir and C.dir = V.dir and
E.hwy = C.hwy and C.hwy = V.hwy
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At any instant ¿, the Nowwindow on VehicleSegEntryStr identi¯es the set of vehiclesthat have
entered new segments at ¿. This set of vehiclesis joined with CongestedSegReland SegVolRel to
determine which vehicleshave entered congestedsegments, and to compute tolls for such vehicles.
Recall from Section 3 that the toll for a congestedsegment is given by the formula basetoll £
(numvehicles¡ 150)2, where basetoll is a prespeci¯ed constant and numvehicles is the number of
vehiclescurrently in the segment.

This query provides an example where the default Unboundedwindow would not yield the
intended behavior if a window speci¯cation were omitted. In general, if a stream is joined with a
relation in order to add attributes to and/or ¯lter the stream, then a Nowwindow on the stream
coupled with an Rstream operator usually provides the desiredbehavior. 2

Recall that the Linear Road speci¯cation in this paper is a simpli¯ed version of the origi-
nal [TCA03]. A CQL speci¯cation of the complete Linear Road benchmark as well as a number of
other stream applications, such as network monitoring and online auctions [TTPM02 ], is available
at [SQR].

8 Time Managemen t

Recall from Sections4 and 5 that our abstract semantics assumesa discrete, ordered time domain
T . Speci¯cally, our continuous semantics is basedon time logically advancing within domain T .
Conceptually, at time ¿ 2 T all inputs up to ¿ are processedand the output corresponding to ¿
(stream elements with timestamp ¿ or instantaneousrelation at ¿) is produced. In this section we
brie°y discusshow a DSMS might implement this semantics under realistic conditions. The topic
is covered in much more depth in [SW03].

For exposition in the remainder of this section let us assumethat relations are updated via
timestamped relational update requeststhat arrive on a stream. Thus, without loss of generality
we can focus on streams only. For a DSMS to produce output corresponding to a time ¿ 2 T , it
must have processedall input stream elements at least through ¿. In other words, it must know at
some\real" (wall-clock) time t that no new input stream elements with timestamp · ¿ will arrive
after t. Making this determination is straightforward when all of the input streams are \aliv e"
and their elements arrive in timestamp order. However, in many stream applications (including
the Linear Road) input streams may be generatedby remote sources,the network conveying the
stream elements to the DSMS may not guarantee in-order transmission,particularly acrosssources,
and streamsmay pauseand restart.

In the STREAM protot ype our approach is to assumean additional \meta-input" to the system
called heartbeats. A heartbeat consistssimply of a timestamp ¿ 2 T , and has the semantics that
after arrival of the heartbeat the system will receive no future stream elements with timestamp
· ¿. There are various ways by which heartbeats may be generated. Here are three examples:

1. In the easiestand a fairly commoncase,timestamps are assignedusing the DSMS clock when
stream tuples arrive at the system. Therefore stream elements are ordered, and the clock
itself provides the heartbeats.

2. The source of an input stream might generate source heartbeats, which indicate that no
future elements in that stream will have timestamp lessthan or equal to that speci¯ed by the
heartbeat. If all the sourcesof input streamsgeneratesourceheartbeats, an application-level
or query-level heartbeat can be generatedby taking the minimum of all the sourceheartbeats.
Note that this approach is feasibleonly if the heartbeats and the stream elements within a
single input stream reach the DSMS in timestamp order.
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3. Properties of stream sourcesand the system or networking environment may be used to
generateheartbeats. For example, if we know that all sourcesof input streams use a global
clock for timestamping and there is an upper bound D in delay of stream elements reaching
the DSMS, at every global time t we can generatea heartbeat with timestamp t ¡ D .

More details about our approach to time management and heartbeat generation can be found
in [SW03].

9 Equiv alences in CQL

In this sectionwe brie°y considersyntactic equivalencesin the CQL language.As in any declarative
language,equivalencescan enableimportant query-rewrite optimizations, however the optimization
processitself is not a central topic of this paper.

All equivalencesthat hold in SQL with standard relational semantics carry over to the relational
portion of CQL, including join reordering, predicate pushdown, subquery °attening, etc. Further-
more, sinceany CQL query or subquery producing a relation can be thought of as a materialized
view that is updated over time, all equivalencesfrom materialized view maintenance [GM95] can
be applied to CQL. For example,a materialized view joining two relations generally is maintained
incrementally rather than by recomputation, and the sameapproach can be usedto join two rela-
tions (or windowed streams) in CQL. In fact, this equivalenceis incorporated into our binary-join
physical query plan operator (Section 11).

Here we considertwo equivalencesbasedon streams: window reduction and ¯lter-window com-
mutativity . The identi¯cation of other usefulstream-basedsyntactic equivalencesis a topic of future
work.

9.1 Windo w Reduction

The following equivalencecan be used to rewrite any CQL query or subquery with an Unbounded
window and an Istream operator into an equivalent (sub)query with a Nowwindow and an Rstream
operator. Here, L is any select-list, S is any stream (including a subquery producing a stream),
and C is any condition.

Select Istream(L) From S [Range Unbounded] Where C

´

Select Rstream(L) From S [Now] Where C

Furthermore, if stream S hasa key (no duplicates), then we neednot replacethe Istream operator
with Rstream, although oncea Nowwindow is applied there is little di®erencein e±ciency between
Istream and Rstream.2

Transforming Unboundedto Nowobviously suggestsa much more e±cient implementation|
logically, Unboundedwindows require bu®ering the entire history of a stream, while Nowwindows
allow a stream tuple to be discardedassoon as it is processed.In separatework we have developed
techniquesfor transforming Unboundedwindows into [Rows N] windows, but thosetransformations
rely on many-one joins and constraints over the streams[BSW02].

We may ¯nd other casesor more generalcriteria whereby Unboundedwindows can be replaced
by Nowwindows; a detailed exploration is left as future work.

2More generally, Istream and Rstream are equivalent over any relation R for which R(¿) \ R(¿ ¡ 1) = ; for all ¿.
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9.2 Filter-Windo w Comm utativit y

Another equivalence that can be useful for query-rewrite optimization is the commutativit y of
selectionconditions and time-basedwindows. Here, L is any select-list, S is any stream (including
a subquery producing a stream), C is any condition, and T is any time interval.

(Select L From S Where C) [Range T]

´

Select L From S [Range T] Where C

If the system usesa query evaluation strategy based on materializing the windows speci¯ed in
a query, then ¯ltering before applying the window instead of after is preferable since it reduces
steady-state memory overhead [MW + 03]. Note that the converse transformation might also be
applied: We might prefer to move the ¯ltering condition out of the window in order to allow the
window to be sharedby multiple querieswith di®erent selectionconditions [MW + 03]. Finally note
that ¯lters and tuple-basedwindows generally do not commute.

10 Comparison with Other Languages

Now that we have presented our language we can provide a more detailed comparison against
someof the related languagesfor continuousqueriesover streamsand relations that werediscussed
brie°y in Section 2. Speci¯cally, we show that basic CQL (without user-de¯ned functions, aggre-
gates, or window operators) is strictly more expressive than Tapestry [TGNO92], Tribeca [Sul96],
GSQL [CJSS03], and materialized views over relations with or without chronicles [JMS95]. We
also discussAurora [CC+ 02], although it is di±cult to compare CQL against Aurora becauseof
Aurora's graphical, procedural nature.

At the end of this section we discussour choice to de¯ne a languagebasedon both relations
and streams, instead of taking a stream-only approach. Included is a discussionof the stream-only
query languageof TelegraphCQ [CC+ 03b].

10.1 Views and Chronicles

Any conventional materialized view de¯ned using a SQL query Q can be expressedin CQL using
the samequery Q with CQL semantics.

The Chronicle Data Model (CDM) [JMS95] de¯nes chronicles, relations, and persistent views,
which are equivalent to streams, base relations, and derived relations in our terminology. For
consistencywe useour terminology instead of theirs. CDM supports two classesof operators based
on relational algebra, both of which can be expressedin CQL. The ¯rst class takes streams and
(optionally) baserelations asinput and and producesstreamsasoutput. Each operator in this class
can be expressedequivalently in CQL by applying a Nowwindow on the input streams,translating
the relational algebra operator to SQL, and applying an Rstream operator to produce a streamed
result. For example, join query S1 ./ S1 :A = S2 :B S2 in CDM is equivalent to the CQL query:

Select Rstream(*) From S1 [Now], S2 [Now]
Where S1.A = S2.B

The secondclassof operators takes a stream as input and producesa derived relation as output.
Theseoperators can be expressedin CQL by applying an Unboundedwindow on the input stream
and translating the relational algebra operator to SQL.
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The operators in CDM are strictly lessexpressive than CQL. CDM does not support sliding
windows over streams, although it has implicit Nowand Unboundedwindows as described above.
Furthermore, CDM distinguishes between baserelations, which can be joined with streams, and
derived relations (persistent views), which cannot. Theserestrictions ensurethat derived relations
in CDM can be maintained incrementally in time logarithmic in the size of the derived relation.
CQL queries, on the other hand, could require unbounded time and memory, as we have shown
in [ABB + 02] and addressedin [MW + 03].

10.2 Tapestry

Tapestry queries [TGNO92] are expressedusing SQL syntax. At time ¿, the result of a Tapestry
query Q contains the set of tuples logically obtained by executing Q as a relational SQL query at
every instant ¿0 · ¿ and taking the set-union of the results. This semantics for Q is equivalent to
the CQL query:

Select Istream(Distinct *)
From (Istream(Q)) [Range Unbounded]

Tapestry doesnot support sliding windows over streamsor any relation-to-stream operators.

10.3 Trib eca

Trib ecais basedon a set of stream-to-stream operators and we have shown that all of the Trib eca
operators speci¯ed in [Sul96] can be expressedin CQL; details are omitted. Two of the more
interesting operators are demux(demultiplex) and mux(multiplex). In a Trib ecaquery the demux
operator is used to split a single stream into an arbitrary number of substreams,the substreams
are processedseparately using other (stream-to-stream) operators, then the resulting substreams
are merged into a single result stream using the muxoperator. This type of query is expressedin
CQL using a combination of partitioned window and Group By.

Like chronicles and Tapestry, Trib ecais strictly lessexpressive than CQL. Trib ecaqueriestake
a single stream as input and produce a single stream as output, with no notion of relation. CQL
queriescan have multiple input streamsand can freely mix streamsand relations.

10.4 Gigascop e

GSQL is a SQL-like query language developed for Gigascope, a DSMS designedspeci¯cally for
network monitoring applications [CJSS03]. GSQL is a stream-only language,but relations can be
created and manipulated using user-de¯ned functions. Over streams GSQL's primary operators
are selection, join, aggregation,and merge. Constraints on join and aggregationensurethat they
are nonblocking: a join operator must contain a predicate involving an \ordered" attribute from
each of the joining streams,and an aggregationoperator must have at least onegrouping attribute
that is ordered. (Ordered attributes are generalizationsof CQL timestamps.)

The four primary operations in GSQL can be expressedin CQL: Selection is straightforward.
The GSQL Mergeoperator can be expressedusing Union in CQL. The GSQL join operator trans-
lates to a sliding-window join with an Istream operator in CQL. Finally, although it is nontrivial
to expressGSQL aggregation in CQL (requiring grouping and aggregation, projection, and join),
it always is expressible;details are omitted.
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10.5 Aurora

Aurora queriesare built from a set of eleven operator types [CC+ 02]. Operators are composedby
usersinto a global query execution plan via a \b oxes-and-arrows" graphical interface. It is some-
what di±cult to compare the procedural query interface of Aurora against a declarative language
like CQL, but we can draw somedistinctions.

The aggregationoperatorsof Aurora (Tumble, Slide , and XSection ) areeach de¯ned from three
user-de¯ned functions, yielding nearly unlimited expressive power. The aggregationoperators also
have optional parameters set by the user. For example, these parameters can direct the operator
to take certain action if no stream elements have arrived for T wall-clock seconds,making the
semantics dependent on stream arrival and processingrates.

All operators in Aurora are stream-to-stream, and Aurora doesnot explicitly support relations.
In order to express CQL queries involving derived relations and relation-to-relation operators,
Aurora procedurally manipulates state corresponding to a derived relation.

10.6 Stream-Only Query Language

Our abstract semantics and therefore CQL distinguish two fundamental data types, relations and
streams. At the end of this section we outline several motivations for choosing our dual approach
over a purely stream-basedapproach. Nevertheless,it is worth noting that we can always derive a
stream-only languageL s from our languageL (either CQL or another instantiation of our abstract
semantics) as follows.

1. Corresponding to each n-ary relation-to-relation operator O in L , there is an n-ary stream-
to-stream operator Os in L s. The semantics of Os(S1; : : : ; Sn ) when expressedin L is
Rstream(O(S1 [Now]; : : : ; Sn [Now])).

2. Corresponding to each stream-to-relation operator W in L , there is a unary stream-to-stream
operator Ws in L s. The semantics of S[Ws] when expressedin L is Rstream(S[W]).

3. There are no operators in L s corresponding to relation-to-stream operators of L .

L and L s haveessentially the sameexpressivepower. Clearly any query in L s canberewritten in
L . Given a query Q in L , we obtain a query Qs in L s by performing the following three steps. First,
transform Q to an equivalent query Q0 that has Rstream as its only relation-to-stream operator
(this step is always possibleas indicated in Section6.3). Second,replaceevery input relation R i in
Q0 with Rstream(Ri ). Finally, replaceevery relation-to-relation and stream-to-relation operator in
Q with its L s equivalent accordingto the de¯nitions above. As it turns out, the languageL s derived
from CQL is quite similar to the stream-to-streamapproach being taken in TelegraphCQ[CC+ 03b].

We choseour dual approach over the stream-only approach for at least three reasons:

1. Reiterating goal #1 from Section 1, we wanted to exploit the wide body of understanding
and work on the existing relational model to the extent possible.

2. Our experience with a large number of queries [SQR] suggeststhat the dual approach re-
sults in more intuitiv e queries than the stream-only approach. As illustrated in our Linear
Road examples (Section 7), even applications with purely stream-basedinput and output
speci¯cations may include fundamentally relational components.

3. Having both relations and streams cleanly generalizesmaterialized views, as discussedin
detail in Section 10.1.
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Note that the Chronicle Data Model [JMS95] discussedin Section 10.1 also takesan approach
similar to ours|it supports both chronicles (closely related to streams) and materialized views
(relations).

11 CQL Implemen tation in STREAM

In this section we describe the query plans and execution strategieswe use in our implementation
of CQL as the declarative query languagein the STREAM protot ype Data Stream Management
System[ABB + 03]. Section11.1describesthe physical representation of streamsand relations within
query plans, Section11.2describesquery plan structure, Section11.5enumeratesthe operatorsused
in query plans, and Section 11.6 brie°y discussesquery optimization and plan generation. (Details
of query plan generationand our adaptive approach to query optimization are topics of forthcoming
papers.) Finally, Section11.7presents STREAM's graphical user interface for viewing, monitoring,
and altering query plans.

11.1 In ternal Represen tation of Streams and Relations

Recall the formal de¯nitions of streams and relations from Section 4. A stream is a bag of tuple-
timestamp pairs, which can be represented as a sequenceof timestamped tuple \insertions." A
relation, which is a time-varying bagof tuples, canalsobe represented asa sequenceof timestamped
tuples, except now we have both insertion tuples and deletion tuples to capture the changing state
of the relation.

STREAM exploits this similarit y between streams and relations and usesa common physical
representation for both of them: sequencesof tagged tuples. The tuple part contains a value for
each attribute in the schema of the stream or relation; the tag contains a timestamp and indicates
whether the tuple is an insertion or a deletion. The tagged-tuple sequencesare append-only and are
always in nondecreasingorder by timestamp. (Base streams and relation updates that arrive out
of timestamp order can be converted into sorted sequencesasdescribed in Section8, and operators
always emit sorted sequences.)

11.2 STREAM Query Plans

When a continuous query speci¯ed in CQL is registeredwith the STREAM system it is compiled
into a query plan. The query plan is mergedwith existing query plans whenever possible,in order
to share computation and state. Plan generation itself is not a focus of this paper, although we
discussit again brie°y in Section11.6. Each query plan runs continuously and is composedof three
di®erent typesof components: operators, queues, and synopses.

11.2.1 Op erators

Each query plan operator reads from one or more input queues, processesthe input based on
its semantics, and writes its output to an output queue. Section 11.5 describes the current set
of operators supported in STREAM, also enumerated in Table 1. Since queues(described next)
encode both streamsand relations, query plan operators can implement all three operator typesin
our abstract semantics and CQL: stream-to-relation, relation-to-relation, and relation-to-stream.
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11.2.2 Queues

A queueconnectsits input operator OI to its output operator OO . At any time a queuecontains a
(possibly empty) sequencerepresenting a portion of a stream or relation in our physical representa-
tion as described in Section 11.1. The contents that passthrough the queueover time correspond
to the stream or relation produced by OI . The queuebu®ersthe insertions and deletions in the
output of OI until they are processedby OO .

11.2.3 Synopses

Synopsesstore the intermediate state neededby continuous query plans. In our query plans a
synopsis is always \owned" by a single operator O, and the state the synopsis contains is that
neededfor future evaluation of O. For example, to perform a windowed join of two streams, the
join operator must have accessto all tuples in the current window on each input stream. Thus,
a join operator maintains one synopsis(e.g., a hash table) for each of the joined inputs. On the
other hand, operators such as selection and duplicate-preserving union do not require a synopsis
sincethey do not require saved state.

The most common use of a synopsis in our system is to materialize the current state of a
relation, such as the contents of a sliding window, or of a relation derived by a subquery. Synopses
also may be usedto store a summary of the tuples in a stream or a relation for approximate query
answering. Example synopsistypesfor this purposeare reservoir samples[Vit85] over streams,and
Bloom ¯lters [Blo70].

11.2.4 Memory Managemen t

Currently queuesand synopsesare stored entirely in memory, although we are in the processof
implementing the capability for them to spill to disk. A common pool of memory is allocated to
queuesand synopseson demand at the pagegranularit y. To minimize copying and proliferation of
tuples, all tuple data is stored in synopsesand is not replicated. Queuescontain referencesto tuple
data within synopses,along with tags containing a timestamp and an insertion/deletion indicator.
In addition, somesynopsesare simply \stubs" that point to data in other synopses,as discussed
in Section 11.4.

11.3 Example Query Plans

Figure 4 illustrates a merged STREAM query plan for two continuous queries, Q1 and Q2, over
input streams S1 and S2. Query Q1 is a windowed-aggregatequery: it maintains the maximum
value of S1:A for each distinct value of S1:B over a 50,000-tuplesliding window on stream S1. In
CQL:

Q1: Select B, max(A)
From S1 [Rows 50,000]
Group By B

Query Q2 streams the result of a sliding-window join over streamsS1 and S2. The window on S1

is a tuple-basedwindow containing the last 40,000tuples, while the window on S2 is a 10-minutes
time-basedwindow. In CQL:

Q2: Select Istream(*)
From S1 [Rows 40,000], S2 [Range 600 Seconds]
Where S1.A = S2.A
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Figure 4: STREAM continuous query plan for two queries

The plan contains ¯v e operators, seq-windowS1, seq-windowS2, aggregate , binary-join , and
i-stream , seven synopsesSyn1{ Syn7, and eight queues q1{ q8. Operators seq-windowS1 and
seq-windowS2 are stream-to-relation, aggregate and binary-join are relation-to-relation, and
i-stream is relation-to-stream. We explain in somedetail how each of the ¯v e operators behave.

² Operator seq-windowS1 is a sliding-window operator that readsinput stream S1's tuples from
input queueq1,3 updates the sliding-window synopsisSyn1, and outputs the insertions and
deletions to this window (which is a relation) on both queuesq3 and q4. Syn1 always contains
the 50,000most recent tuples in stream S1 that seq-windowS1 has processed,which is the
larger of the two windows applied to S1.

² Sliding-window operator seq-windowS2 processesinput stream S2's tuples from queue q2.
seq-windowS2 maintains synopsisSyn2, which contains all tuples from S2 whosetimestamps
are within the last 600 seconds.seq-windowS2 outputs insertions and deletions to this win-
dow (which is a relation) on queue q5. Speci¯cally, for an S2 tuple s with timestamp ¿,
seq-windowS2 will produce an insertion of s into this window with timestamp ¿, and a dele-
tion of s from this window with timestamp ¿ + 600 seconds. Recall from Section 11.1 that
all insertions and deletions are emitted by the operator in nondecreasingtimestamp order.

² Operator aggregate maintains the maximum value of S1:A for each distinct value of S1:B
in its input relation, which is the 50,000-tuplesliding window on stream S1. The aggregate
valueschangebasedon insertions and deletions to the window, which recall are provided by
operator seq-windowS1 on queueq3. Operator aggregate maintains the current aggregation
result in synopsisSyn6, and it outputs insertions and deletions to this result on queue q6.
Becausemaxis not incrementally maintainable|when the current maximum S1:A for an S1:B

3 In realit y, a special operator stream-shepherd handles incoming streams, placing the elements onto corresponding
stream input queues;seeSection 11.5.4.
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value leavesthe window wemay needto inspect the entire window to ¯nd the newmaximum|
operator aggregate maintains a secondsynopsisSyn3 with su±cient information to maintain
the maximums. It turns out that Syn3 is simply a time-shifted versionof Syn1: Syn3 contains
the same50,000tuple window except it is \b ehind" by the tuples in q3. Instead of duplicating
information, the plan sharestuple data between Syn1 and Syn3, as indicated by the dotted
arrow betweenthem in Figure 4.

² Operator binary-join joins two input relations, which are sliding windows on streams S1

and S2. binary-join computes the join incrementally using the insertions and deletions to
these windows provided on queuesq4 and q5 respectively. binary-join processestuples in
nondecreasingtimestamp order acrossboth of its inputs. That is, each time it is ready to
processan input tuple, it selectsthe tuple from queueq4 or q5 with the lowest timestamp.
Logically, binary-join maintains a synopsis for each input: Syn4 and Syn5 for q4 and q5.
An insertion (deletion) on q4 is joined with Syn5 to compute the corresponding insertions
(deletions) to the join result which are output on queue q7; similarly for q5. These joins
can be nested-loop or index joins depending whether we chooseto build indexeson the join
attributes in Syn4 and Syn5. Logically Syn4 contains the 40,000most recent tuples in stream
S1 that binary-join hasprocessed.In our implementation, actual tuple data is sharedrather
than duplicated betweensynopsesSyn4 and Syn1 as indicated by the dotted arrow between
them in Figure 4. Similarly, the plan sharestuple data betweenSyn5 and Syn2. Furthermore,
the subplan rooted at seq-windowS1 is sharedby aggregate and binary-join , thus sharing
the window computation on S1 betweenqueriesQ1 and Q2. Our query plans always perform
window sharing on a stream, with a singlephysically-stored synopsisautomatically containing
all stream elements neededby any window on that stream; seeSection 11.5.1.

² Operator i-stream converts the relation produced by the join into a stream of relation
insertions using the semantics of the Istream operator from Section 6.3. Since i-stream
receives the insertions and deletions to the join result in queue q7, it might appear that
i-stream can simply pass along all insertions and drop all deletions. However, if a tuple
happensto be both inserted and deleted from the join result with the sametimestamp, then
for correct semantics i-stream must detect this caseand not passalong the insertion. (This
casecan occur, for example, when the window on S1 slides and the tuple values that enter
and leave the window happen to be identical.) To handle this casecorrectly, i-stream bu®ers
input insertions for a timestamp ¿ in synopsisS7 until it knows that it will seeno further
tuples with that timestamp (recall Section 8).

It is important for timestamps on the tuples output by a query operator to properly re°ect
our semantics as speci¯ed earlier in this paper. In most operators, one or more output tuples
are produced as the result of an input tuple being consumed,and it turns out our semantics is
maintained correctly by copying the input tuple's timestamp to the output tuple. For example,
when an input tuple with timestamp ¿ causesa tuple-basedwindow to slide, both the insert and
the delete generatedby the slide are timestamped ¿. When join results are produced from a new
input tuple with timestamp ¿, the new join results have timestamp ¿, which always is the later of
the timestamps on the two joining tuples sincewe processjoin inputs in nondecreasingtimestamp
order acrossinputs. Aggregation is similar: a new input tuple with timestamp ¿ producesone or
more insertions and deletions to the aggregateresult also timestamped ¿. Time-basedwindows are
tric kier, as illustrated above. For a time-basedwindow of sizeT, a stream tuple s with timestamp
¿ generatesan inserted tuple with timestamp ¿ and generatesa deleted tuple with timestamp
¿ + T + 1, where the timestamp arithmetic, and particularly the meaning of \+1" dependson the
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time domain to which the timestamps belong. Recall from Section 4 that our semantics assumes
a discrete and ordered time domain, so here \+1" denotesan increment in this domain, e.g., one
secondin the Datetime domain.

The executionof query plans is controlled by a global scheduler, which currently runs in the same
thread as all of the query operators in the system. Each time the scheduler is invoked, it selectsan
operator to executeand calls a speci¯c procedurede¯ned for that operator, passingasa parameter
the maximum number of input tuples that the operator should processbefore returning control to
the scheduler. We currently use a simple round-robin scheduler, but we intend to incorporate a
more appropriate scheduling algorithm basedon recent research [BBDM03].

11.4 A Note on Synopses

From the example STREAM query plan of Figure 4 we seethat our query plans tend to be over-
loaded with synopses.For example, the plan for the windowed-join query Q2 in Figure 4 uses¯v e
synopses|one each for the two seq-window operators, two for the binary-join operator, and one
for the i-stream operator. Our technique of generating numerous synopsesmade it much easier
to implement a plan generation algorithm that works for arbitrary CQL queries. We could add
a post-processingstep that traversesquery plans and physically mergessomesynopses.However,
our approach so far has been to leave all the synopsesin place, but make many of them logical
\stubs" that primarily point into other synopses.For example, the plan for query Q2 in Figure 4
materializesonly three synopsesinstead of ¯v e sincethe two synopsesof the binary-join operator
are sharedwith the synopsesof the corresponding seq-window operators. SynopsesSyn4 and Syn5

in Figure 4 are stubs pointing to synopsesSyn1 and Syn2 respectively.

11.5 STREAM Query Op erators

In this section we specify all of the query operators currently implemented in the STREAM pro-
tot ype and used in query plans. Every operator is either a CQL operator or a system operator.
Further, every CQL operator has one of the three types from our abstract semantics: stream-to-
relation, relation-to-relation, or relation-to-stream. All ¯v e operators discussedin the previous
section were CQL operators. System operators isolate the CQL operators from lower-level issues
such as asynchronous and out-of-order arrival of streams, load shedding [BDM04, TCZ + 03], and
external stream data formats. The operators are listed in Table 1.

11.5.1 Stream-to-Relation Op erators

The sliding-window operator seq-window is the only stream-to-relation operator implemented in
STREAM. It supports the tuple-based, time-based, and partitioned window speci¯cations intro-
ducedin Section6.1. As illustrated in Figure 4, STREAM instantiates onesliding-window operator,
denoted seq-windowS, for each stream S that has at least one continuous query specifying a win-
dow over S. Operator seq-windowS hasoneinput queueproviding the tuples in S in nondecreasing
timestamp order. For each sliding window on S used in a query plan, seq-windowS maintains an
output queuecontaining the insertions and deletions to that window. By using a singlewindow op-
erator per stream S, the systemis able to sharethe computation and memory required for window
maintenanceacrossall queriesreferencingS.
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Name Operator Type Description

seq-window stream-to-relation Implements time-based, tuple-based,
and partitioned windows

select relation-to-relation Filters tuples basedon predicate(s)
project relation-to-relation Duplicate-preserving projection
binary-join relation-to-relation Joins two input relations
mjoin relation-to-relation Multiw ay join from [VNB03]
union relation-to-relation Bag union
except relation-to-relation Bag di®erence
intersect relation-to-relation Bag intersection
antisemijoin relation-to-relation Antisemijoin of two input relations
aggregate relation-to-relation Performs grouping and aggregation
duplicate-eliminate relation-to-relation Performs duplicate elimination

i-stream relation-to-stream Implements Istream semantics
d-stream relation-to-stream Implements Dstream semantics
r-stream relation-to-stream Implements Rstream semantics

stream-shepherd system operator Handles input streamsarriving
over the network

stream-sample system operator Samplesspeci¯ed fraction of tuples
stream-glue system operator Adapter for merging a stream-

producing view into a plan
rel-glue system operator Adapter for merging a relation-

producing view into a plan
shared-rel-op system operator Materializes a relation for sharing
output system operator Sendsresults to remote clients

Table 1: Operators in STREAM query plans

11.5.2 Relation-to-Relation Op erators

By de¯nition, a relation-to-relation operator takes one or more relations as input and producesa
relation asoutput. In the STREAM query processor,relations areencodedassequencesof insertions
and deletions that move along queuesin query plans. Each relation-to-relation operator processes
insertions and deletions in timestamp order from one or more input queues,computes its output
incrementally , and writes the output insertions and deletions to an output queue in timestamp
order. As listed in Table 1, STREAM supports relation-to-relation operators corresponding to all
standard relational operators. Notice that STREAM supports two join operators: binary-join ,
a binary join operator as illustrated in Figure 4, and mjoin , the multiw ay join operator proposed
in [VNB03]. Consequently , a multiw ay join can be processedin two ways|using mjoin which
doesnot materialize intermediate results [VNB03], or using a tree of binary joins. Deciding which
strategy to use is a query optimization issuenot covered in this paper.
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11.5.3 Relation-to-Stream Op erators

STREAM supports three relation-to-stream operators| i-stream , d-stream , and r-stream |
corresponding to the Istream , Dstream, and Rstream operators de¯ned in Section 6.3. Each
operator processesinsertions and deletions in timestamp order from its single input queue, and
writes the output stream insertions to an output queue in timestamp order. Let us consider
i-stream . As mentioned in Section11.3, although it might appear that i-stream can simply pass
along all insertions and ignore all deletions, if a tuple happensto be both inserted and deletedwith
the sametimestamp then for correct semantics i-stream must detect this caseand not passalong
the insertion. To handle this casecorrectly, the i-stream operator must bu®erinput insertions for
a timestamp ¿ in a synopsisuntil it knows that it will seeno further tuples with that timestamp
(recall Section 8).

Operator d-stream is exactly symmetric to i-stream . Operator r-stream maintains the entire
current state of its input relation in a synopsisand outputs all of the tuples as insertions at each
time step. While this may appear expensive, recall from Section 6.3 that the Rstream operator
is usedmost commonly with Nowwindows, so the \curren t state of the relation" is generally very
small.

11.5.4 System Op erators

The primary purposeof the system operators in STREAM is to isolate the CQL operators from
dealing with various lower-level issues. For completenessand for understanding the STREAM
query plans in Section 11.7, we brie°y discusssome of these operators. The stream-shepherd
operator for a stream S serves as the source of S to all query plans accessingS: primarily it
receives tuples arriving asynchronously over the network, transforms them to STREAM's internal
representation, and writes them to the appropriate input queues. In the future, this operator also
will be responsiblefor bu®eringinput tuples for proper ordering, generatingheartbeatswhen source
applications don't provide them [SW03], and performing load sheddingunder overload [BDM04].

The stream-sample operator currently is usedonly for system-managedload shedding[BDM04],
although wealsointend to implement a sample clausein our query language[BBD + 02]. stream-sample
drops a speci¯ed fraction of stream tuples from its input queuebasedon a uniform random sam-
ple (\coin toss"). Other implemented system operators serve as materialization points for rela-
tions (shared-rel-op ), enableplans for views to be merged into new query plans (rel-glue and
stream-glue ), and sendquery results to remote clients (output ).

11.6 Query Optimization

Most of the CQL languageis operational in the STREAM system,but our query plan generator is
still fairly naive, using hard-coded heuristics to generatequery plans. The most commonly applied
heuristics are:

1. Push selectionsbelow joins.

2. Maintain and use indexes for synopses on binary-join , mjoin , and
aggregate operators.

3. Sharesynopseswithin query plans whenever possible.

We are actively moving toward one-time and dynamic cost-basedoptimization of CQL queries.
SinceCQL usesSQL as its relational query language,we can leveragemany of the one-time opti-
mization techniques used in traditional relational systems. In addition, we are exploring adaptive
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query optimization techniquesthat arecoarser-grainedthan Eddies(asusedin the Telegraphproject
[CC+ 03b]). Our approach relieson two interacting components: a monitor that capturesproperties
of streams and system behavior, and an optimizer that can recon¯gure query plans and resource
allocation as properties changeover time.

11.7 Example STREAM Plans

Lastly, we present two snapshotsof query plans taken from STREAM's graphical query plan vi-
sualizer. Through the visualization interface userscan inspect the plan generatedfor a continuous
query as soon as the query is registered, can monitor plan behavior during execution, and can
even alter plan structure and attributes of plans such as memory allocation, for the purpose of
experimentation.

Figure 5 shows the query plan for the following simple illustrativ e CQL query over streamsS1
and S2:

Select S2.name, max(S1.num)
From S1 [Rows 50,000], S2 [Rows 50,000]
Where S1.name <= 'i' and S1.num = S2.num
Group By S2.name

This query is a windowedtwo-way join with a ¯lter predicateon S1, followedby an aggregation. The
systemoperators usedin the query plan in Figure 5 are stream-shepherd operators for streamsS1
and S2 and an output operator to sendthe query result continuously to the client that submitted
the query. The CQL operators are seq-window for S1 and S2, select , binary-join , aggregate ,
and (duplicate-preserving) project . Notice that synopsesaresharedbetweenthe window operators
and the join, and the selection has been pushed below the join. The selection cannot be pushed
below the window operator since in general tuple-based windows and selection do not commute.
The binary-join operator materializes its output relation in a synopsisthat is shared with the
aggregate operator, similar to our example in Section 11.3.

Figure 6 shows the complete query plan for the TollStr Linear Road query from Section 7,
which incorporates plans for all subqueriesthat were used to write this query in CQL. We do not
expect readersto examineevery detail of this complex query plan.
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Figure 5: Plan for aggregatequery over join
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Figure 6: Plan for TollStr query
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