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Abstract ample, windows may be assigned to streams [3, 8] or to op-
erators (e.g., window join and window aggregates) [7, 19].
The window query model is widely used in data stream  In this dissertation, we propose the predicate-window
management systems where the focus of a continuous queruery framework as a general and efficient framework
is limited to a set of the most recent tuples. In this dis- for continuous queries over data streams. The predicate-
sertation, we show that an interesting and important class window query model distinguishes itself from the exist-
of continuous queries can not be answered by the exist-ing window query models by the following. (1) Predicate-
ing sliding-window query models. Thus, we introduce a new Window queries can express an interesting and important
model for continuous queries, termed the predicate-windowclass of queries that is not supported by the existing win-
query model that limits the focus of a continuous query to dow query models. (2) Predicate-window semantics em-
the stream tuples that qualify a certain predicate. Pretica ploys minimal extensions over the traditional SQL seman-
windows are characterized by the following (1) The window tics and is independent from the runtime stream environ-
predicate can be defined over any attribute in the stream tu-ment. (3) The predicate-window query model is a gener-
ple (ordered or unordered). (2) Stream tuples qualify and alization of the existing window models since all types of
disqualify the window predicate in an out-of-order man- windows (e.g., window per stream, or window per opera-
ner. The goal of this dissertation is to develop an efficient tor) can be expressed as predicate windows.
framework to realize predicate windows inside data stream  In [17], we show that an important class of continu-
management systems. The predicate-window query frameous queries can not be expressed using any of the existing
work enables the system to efficiently support a wide vari- continuous query languages. This important class includes
ety of streaming applications through an expressive queryfor example, continuous queries in which the input streams
language and efficient query evaluation mechanisms (i.e.,do not represent append-only relations. For example, con-
query execution and query optimization). As a test bed for sider a temperature monitoring application in which a large
our research, the predicate-window framework is being de- number of sensors are spatially distributed, and each sen-
veloped inside Nile; a prototype data stream managementsor sends continuously its current temperature. A common

system developed at Purdue University. query in this environment i€, : “Continuously, report the
sensor identifiers for sensors that have temperature greate
1. Introduction than 90, report the modifications in the answer every two

minutes” The schema of the input stream @ contains

The emergence of data streaming applications calls fortwo attributes: sensor identifier and temperature. The sen-
new query semantics and processing techniques to copeor identifier attribute is considered as a key and an input
with the unbounded nature of streams. Examples of stream-stream tuple is an update over the previous tuple with the
ing applications include: building monitoring, electroni same key value. In the same time, the answé&),dé modi-
trading, and sensor applications. Unlike the traditional fied every two minutes to include only the sensors that qual-
gueries, queries over data streams have the followingndisti ify the predicate temperature greater than 90The modi-
guishing characteristics: (1) Queries are continuous in na fications in the answer consist wisertionsof sensors that
ture and require continuous evaluation. (2) A large num- reporttemperatures greater than 90 andédetiongor pre-
ber of streams and continuous queries are running con-viously qualified sensors that disqualify the predicatetdue
currently in the system. Several research efforts have de-a change in the temperature. Notice that sensors are idserte
veloped semantics and languages for continuous queriesand deleted fron@,'s answer in an out-of-order manner.
e.g., [3, 6, 7, 8, 11, 19]. Most of these efforts have recog- In the previous queryQ;, the input and output streams
nized the need fawindowsto express queries over the un- are viewed as sequences of modify operations (e.g., insert,
bounded streams. Windows are used in various ways, for ex-update, and delete operations) over the underlying sensors



temperatures. Streams of modify operations are common in2. The PhD Contributions

streaming environments in which objects continuously send

updates to their values (e.qg., building monitoring andkrac In this section, we briefly present the four parts of the

ing moving objects). In [17], we show that the Quegy, proposed framework to support predicate-window queries
can not be expressed using any of the window query modelsover data streams.

that restrict the stream definition to the representaticamof

append-only relation [4, 7]. Moreover, with the wide spread 2.1. Predicate-window Semantics

of streaming applications, streams may have several deno-

tations other than the append-only and update streams [16]. We develop the predicate-window semantics with the
For example, a stream may denote the concatenation of sefollowing goals in mind:

rializations of a relation.

The “predicate-window” query semantics define the
stream as a sequence of modify operations over a speci-
fied relation. A predicate-window query does not use spe-
cific constructs to define windows. Instead, a window pred-
icate is defined as a regular SQL predicate in wiere
clause of the query. Moreover, window predicates can be
expressed over any attribute (ordered or non-orderedginth e Minimal extensions to SQL semantics. The

e ExpressivenessThe predicate-window semantics can
express a wide variety of continuous queries over the
various stream denotations (e.g., append-only rela-
tions, or modifications over a relation) and the various
window semantics (e.g., window per stream, window
per operator, or window over an unordered attribute).

stream tuple. Basically, a predicate-window query is seman predicate-window semantics is clear, well de-
tically equivalent to anaterialized viewover relations that fined, and easy to be understood where it employs
are modified bystreamsof modify operations. The query is minimal extensions over the traditional SQL seman-

expressed by a regular SQL expression and the query an- tics.
swer is refreshed whenever either any of the input stream
is modified or the query definition is updated. The modi-
fication in the answer is represented as another stream o
modify operations in a way similar to incremental main-
tenance of materialized views. Although similar in many
aspects, the predicate-window query semantics has to de
with some issues that are not handled in the traditional ma-
terialized views. For example, a predicate-window query
definition may include a refresh period to indicate how of-
ten the query answer should be refreshed (eefresh the
answer every two minutgsNotice that, the refresh period
is equivalent to theslide parameter in the sliding-window
qguery model [3, 15].

In this dissertation, we propose a framework to support
predicate-window queries inside data stream managemen
systems through the following four contributions:

SThe predicate-window query model employs the following

§emantics.

Stream semantics:A stream,S, is modelled as a re-
lation, (' S) , with the arriving stream tuples asodifica-
atf'ons(insert, update, or delete) ov&( S) . The timestamp
attribute is treated as any other attribute in the tuplesThi
model is general and can represent any stream semantics.
Assume, for example, a strea®; is defined as a bag of
elements following a specified schema [3]. In our frame-
work, S; is modelled as a relatiof( S;) , with the same
schema asS;. When a tuple is added to the bag $f,
the tuple is modelled as an insert operation oR¢1S;) .

A query over a streant, references the relational view,
(S), of S. According to the underlying streaming appli-
ation,®( S) can be modified either by only inserting new

tuples or by general modify tuples (i.e., insert, updatel, an

delete). Any modification ifit( S) is propagated to produce
the corresponding set of modifications in the query answer
in a way similar to incremental maintenance of material-

2. Developing an algebraic framework for the proposed jzed views [13].

semantics. The algebraic framework gives a system-  Query semantics:A predicate-window query is defined

atic and prlnC|pIed structure for efficient evaluation of by an SQL expression over relations. Basica”y’ the input

continuous queries. relations are time-varying relations that represent icaial

3. Designing efficient query optimization and shared ViEWs ofinputstreams (i.€R( S) ). Atany pointin time.T,

query execution algorithms that are based on the al-the query answer reflects the contents of the underlying re-
gebraic framework. lations at timeT. The query answer is updated whenever

any of the underlying relations is modified (e.qg., by the ar-

4. Developing efficient execution plans and physical op- rival of new stream tuples) or the query definition is up-
erator implementations to realize predicate windows dated.

inside Nile [1]; a prototype data stream management Example: As an example, a time-based sliding window

system developed at Purdue University. over strean® can be expressed by the following predicate-

1. Defining concise and expressive semantics for
predicate-window queries.



window queryQ;: In our framework, we aim to develop a complete al-

SELECT gebraic framework (i.e., algebraic laws and transfornmatio
FROM R(S) R rules) for the predicate-window query model. Defining the
WHERE Now — 5 < R.TS < Now window as a regular predicate in tiéhereclause, opens

WhereTS is the tuple timestampy is the window size and  the room for optimizing window queries by following the
Now s the time at which the query is issued. The answer of rich SQL query optimization literature. Basically, the elg

Q@ is continuously changing to include the newly arrived tu- braic predicate-window framework is an extension over the
ples that qualify the window predicate and delete the tuplesrelational algebra to capture time-varying relations. \We d
that disqualify the predicate. In the previous qu&dy, the fine the algebraic framework in terms of:

input relation,®( S) , is modified by the arrival o§'s tu-

ples. A newS’s tuple is inserted in the query answer if it
qualifies the predicatéNow - 5 < R TS < Now' In

the same time, the query definition is updated by chang-
ing the selection predicate boundaries (iMow). As the
value of Now is continuously changing, delete operations
are produced in the output for tuples that expire from the
window. Notice that, although the input streaB),repre-
sents an append-only relation, the output stream does not
represent append-only relation since it includes logert

e New operatorghat map streams to relations and vice
versa. The relational view of a stream is a time-varying
relation. Notice that, the mapping from a stream to a
relation is done by simply applying the stream’s tuples
(i.e., insert, update or delete) to the relation in an in-
creasing order of timestamps. On the other hand, map-
ping a relation to a stream is done by producing a tuple
in the stream whenever the relation is modified by ei-
ther inserting, updating, or deleting a tuple.

anddeleteoperations. e Extended relational operatorghat capture time-
Stream-specific issuesAlthough similar to traditional varying relations. Inputs and outputs to the relational
SQL views, we plan to consider the following stream- operators are time-varying relation. When an operator
specific requirements in the complete predicate-window IS applied to time-varying relation, the operator con-
query model: siders two parts: (1) Tuples or data in the relation.
(2) Time points at which the relation is consistent with
e Refresh periods.The query definition can express ar- the underlying stream(s).

bitrary refresh periods to achieve coarser refresh of the | Algebraic laws and transformation rule® define

query answer (e.greport the modifications in the an- mappings and relationships among the new and ex-

swer every two minutg:s tended operators. Transformation rules and equiva-
e Timestamps.Since the inputs and outputs are streams, lences over time-varying relations result in not only
special attention is paid to the timestamps. The input the same data, but also the same data at the same time
timestamps are mapped to an attribute in the stream’s ~ points. The algebraic laws are used to test the equiva-
corresponding relation. In the same time, timestamps ~ lence and containment of time-varying relations.

are atta_lch_ed to the o_utput stream tuples so thgt the Based on the algebra, we aim to develop cost models
output is interpreted in the same way as the mpu_t to be used by the query optimizers to enumerate the query
stregm(s). The OUtF_’UI stregms can, then, be used as 'nblans and produce efficient execution plans. Cost models for
putin another predicate-window guery. predicate-window queries consider the optimization goals
of the underlying streaming applications. Examples for op-
2.2. Predicate-window Algebra timization goals include, increasing the output rate of the
guery, minimizing response time for a tuple, and reducing
Algebraic laws are very important as they form the basis the resource usage (e.g., memory and CPU).
for efficient query transformation, query optimizationdan
shared query execution. In the existing continuous query2.3. Query Execution Plans
languages, a window is either defined as a separate op-
erator that is always placed at the bottom of the query We develop an incremental and pipelined execution
pipeline [3, 18], or a window is defined inside an opera- model to efficiently evaluate predicate-window queries. Al
tor (e.g., window join in [7]). A language that is defined though the predicate-window semantics considers only the
over one window semantics can not be easily used to ex-relational view of an input stream, execution plans corrside
press queries using the other window semantics. Moreoverthe physical stream characteristics (i.e., the sequence of
there are no algebraic transformation rules in the existingmodify operations). Basically, the predicate-window quer
continuous query literature to define the commutability and pipelines are implemented using the negative tuples ap-
associativity of the window operators with other operators proach [18] where streams of positive and negative tuples
in the pipeline. are flowing in the query pipeline. The physical operators in



the pipeline are differential operators where the variqus o
erators’ implementations employ the differential equagio

that are used in the incremental maintenance of material-

ized views [13].
If the characteristics of the input stream and the query is
known in advance, the query pipeline can be tuned in order

to optimize the resource usage (e.g., memory and CPU). For
example, sliding windows can be considered as a special

class of predicate windows in which tuples enter and expire
from the window in a First-In-First-Out manner. In [18], we
benefit from this known behavior of sliding windows and
propose th@iggybackingechnique to reduce the CPU cost
and pipeline bandwidth for sliding-window queries. The
main idea in the piggybacking approach is that, since tu-
ples enter and expire from the window in a FIFO manner,
there is no need to process an explicit deletion tuple when-
ever a tuple expires from the window. Instead, giggy-
backingtechnique avoids the processing of expired tuples

mon subexpressions should be common in both the window
predicates and the refresh periods. Common subexpressions
can be used in one of two ways as follows:

e Query composition: For example, given the expres-
sion of a continuous querky,, we look for another con-
tinuous query®, that matches a subexpression@®t
If such Q exists, thenQ, expression is re-written in
terms ofQ, and hence the execution & is shared
between the two queries. The problem of finding a
matching query is similar to thevfew exploitatiofi
problem [12] in traditional databases.

Sub-query design: For example, given the expres-
sions of two or more continuous queries, we can use
the common subexpressions to design a set of sub-
gueries that can be shared by the input queries such
that the total execution cost of all the queries is mini-
mized.

whenever possible by depending on the timestamps of the

inserted tuples to identify the expired tuples.

We aim at further extending our execution model by 3

considering the runtime stream characteristics (e.g-pbut
order arrival, high rate). Examples for extensions include
(1) Extending the plan with stream specific operators (e.qg.,
samplers and load shedders). (2) Using efficient in-memory
indexing for the operators’ states. (3) Implementing effi-
cient caching algorithms to reduce memory usage by the
query (e.g., adaptive caching [5]).

2.4. Shared Query Execution

The streaming environment is characterized by the large

Related Work

Continuous query semantics and languagesMany
research efforts have developed semantics and query lan-
guages for continuous queries over data streams, e.qg,, [3, 6
7, 8, 11, 19]. Our semantics distinguishes itself from other
languages by the following. (1) Modelling streams as a se-
guence of modify operations over a specified relation in
contrast to a sequence of tuples that represents an append-
only relation. This general stream modelling enables the se
mantics to express continuous queries that can not be ex-
pressed by the other window models. (2) Minimal exten-
sions to SQL semantics. (3) General for all types of win-

number of concurrent continuous queries, hence sharingdows. Also, our framework is the first to address the fol-

the query execution is a primary task for query optimiz-
ers. The current efforts for shared query execution focus

lowing: (1) Providing an algebraic framework for window
gueries that explains the associativity and commutatfity

on sharing the execution at the operator level (e.g., sharedvindows with the other operators in the pipeline. (2) Us-

aggregates [2], shared join [10, 14], shared predicate in-
dex [9, 10]).

In our framework, we aim to develop shared query ex-
ecution algorithm that is based on query composition. By
guery composition we mean, using the output of one con-
tinuous query as input in another continuous query in a way
similar to views in traditional databases. Query composi-

ing query composition to achieve shared execution of con-
tinuous queries.

There are two SQL-based continuous query models that
are most close to ours: CQL [4] and ATLaS [19]. Both lan-
guages restricts the stream definition to the representatio
of an append-only relation. Similar to our operators, CQL
has three classes of operators: stream-to-relationjaedat

tion is enabled in the predicate-window query model be- to-relation, and relation-to-stream. However, our ing&an
cause both the inputs and outputs of a query are interpretedion of operators in each class is different than that of CQL.

in the same way (as streams of modify operations). Unlike
existing efforts in shared execution, our algorithm is ldase

on a whole query pipeline and not only on a single opera-
tor. Moreover, we consider, whenever possible, sharing the

Moreover, CQL is different from our predicate-window lan-
guage in the following: (1) CQL can not express queries
over streams of modify operations. (2) CQL assigns win-
dows to streams and hence can not express queries where

execution among queries that are similar in the query ex-windows are assigned to operators (e.g., window join where

pression but different in the refresh periods.

two tuples are joined only if the two tuples are 5 time

Based on the algebraic model, sharing the execution carunits apart). (3) CQL defines the window as a stream-to-
be achieved by common subexpression extractions. Com+elation operator but there are no transformation rules to



show how the window operator interacts with other opera- [4] Arvind Arasu and Jennifer Widom. A Denotational Se-

tors in the pipeline. ATLaS is another SQL-based language
for continuous query that is designed mainly for data mining
and time-series queries. To guarantee that the output of the [5]
guery represents an append-only relation, ATLaS restricts
the set of queries that produce output streams to include

append-only operators (e.g., selection and projectidns).

the other hand, since sliding-window queries produce non
append-only output, ATLaS models the output of a sliding-
window query as a concrete view. In the same time, only ad
hoc queries are allowed on the concrete views [20]. More-
over, ATLaS focuses on aggregate queries and set-based
gueries are not discussed thoroughly in the published lit-

erature.

Materialized views: The physical operator implementa-
tion of predicate-window query pipelines follows the diffe

ential equations from the incremental maintenance of ma-
terialized views [13]. Moreover, our approach for shared [11]
qguery using query composition is based on query opti-
mization using views as discussed in [12]. Basically, we
extended the materialized view algorithms to work with [12]

streams instead of relations.

4. Conclusions

In this dissertation, we propose the predicate-window
guery model that empowers the data stream management
system through an expressive query language and efficient!®]
guerying mechanisms. Unlike the existing continuous query
languages, the predicate-window framework defines th
stream as a sequence of modify operations over a specifie
schema. This general stream definition allows predicate-
windows to be used to express continuous queries over,
a wider variety of streaming applications. The predicate-
window query semantics employs minimal extensions to
the traditional SQL semantics hence opens the room for[1g;
making use of the rich SQL algebra and optimization lit-
erature. We introduce a complete framework to efficiently
support predicate-window queries in a data stream manage-
ment system. The framework consists mainly of four com-
ponents: Concise predicate-window semantics and syntax([19]

predicate-window algebra, incremental pipelined executi

plans, and shared query execution using query composition.[
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