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Abstract

Full support of parallelism in  object-relational
database systems (ORDBMSs) is desired. The paral-
lelization techniques developed for relational database
systems are not adequate for ORDBMYS because of the
ntroduction of complex abstract data types and oper-
ations on ordered domains. In this paper, we con-
sider a data stream paradigm and develop a query par-
allelization framework that exploits characteristics of
user-defined functions in @ ORDBMS during query op-
timization. By introducing the concept of windows and
abstract data type orderings, we develop a novel ap-
proach for parallelizing user-defined functions in a dis-
tributed ORDBMS environment. The implementation
1ssues in providing query services in ordered domains
are also discussed.

1 Introduction

As time goes by, more and more database vendors
agree that Object-Relational DBMSs (ORDBMSs) are
the future [24]. Though full support of parallel OR-
DBMS 1is expected, the techniques used to paral-
lelize relational database systems are not adequate for
ORDBMSs due to the complex abstract data types
(ADTs) and user-defined functions (UDFs) [1]. On the
other hand, non-traditional database application do-
mains such as time-series data analysis, image process-
ing and geoscience information systems often require
data objects in order. As a result, a novel mechanism
that supports parallelization of user-defined operations
on both ordered and unordered domains is desired.

To fully support parallelism in an ORDBMS, we
consider a data stream paradigm and develop a par-
allelization framework that exploits characteristics of

UDFs in a ORDBMS during query optimization. The
concept of user-defined orderings is introduced for
stream processing. Further, data parallelism of query
execution in a distributed environment involves deter-
mining whether the input data stream can be split
for concurrent processing by multiple instances of a
UDF, and if so, what constraints apply. We introduce
the concept of “windows” for modeling the character-
istics of data partitioning opportunities available for
a UDF. The derived properties of windows on input
streams dictate how streams can be properly split and
distributed.

The organization of this paper is as follows. In sec-
tion 2, we present the fundamental concepts of parallel
query execution. Section 3 is devoted to the paralleliza-
tion of user-defined functions. User-defined orderings
and stream data distribution are addressed in this sec-
tion. Implementation issues are discussed in section 4.
After a discussion of related work in section 5, section
6 summarizes the paper and presents future work.

2 Modeling Parallel Query Execution

In a stream data model, positions in a data stream
are integers {1,2,---} that are monotonically increas-
ing. Each position is associated with one and only one
data record.

Definition 2.1 A data record r is a record of
type T = t1 Xta X - Xty (n > 0) where {1,ts, - - -, ¢, are
either system basic data types or abstract data types.
The schema of r is written as < aj :t1,a9 :ta, -+, ay :
t, > where a; is the i'? attribute of . A special null
record, denoted as Nullp, is associated with the do-
main of record type T'. O

Definition 2.2 Let R be aset of records of type
T. A data stream of type 1" is a many-to-one function
ds : integer — T iff (1) for every r € R, there exists



some i > 0, such that ds[¢] = r; and (2) if ds[i] = r,
then ¢ > 0 and r € R. ¢ is a position of r in ds. O

A record schema contains one or more attributes.
While mapping a set of data records (i.e., unordered
records) to a data stream (i.e., ordered records), at-
tributes are divided into two groups — ordering at-
tributes, which are the determinants of the record or-
dering, and ordinary attributes, which are the other
attributes. Similar to sort keys in a physical index
file, ordering attributes can be viewed as a logical list.
Records are sorted according to a certain ordering (e.g.,
ascending) of the first attribute, which will result in
an ordered sequence of clusters; each cluster consists
of records with the same values in the first attribute.
Each cluster is ordered on the second attribute, which
will result in clusters of records with the same values
in the first two attributes. These clusters are ordered
on the third attribute, and so on.

In database query processing, a parallel query execu-
tion plan (QFEP) specifies the process of manipulating
data and producing results in a distributed environ-
ment (e.g., workstation farms). A QEP is composed of
operators that implement algebraic operations or en-
force physical properties (e.g., sort ordering) of data
objects. In addition to assigning operators to different
processors, a DBMS may clone an operator for data
parallelism, where each clone (or instance) processes
a portion of input data. An operator can be either
built-in (e.g., +,—,*,/ and COUNT, SUM, MAX) or
user-defined. User-Defined Functions (UDFs) should
be registered along with ADTs (Abstract Data Types)
for complex query requirements. In DB2 [8], for ex-
ample, a user can define a minima UDF that operates
on a two dimensional array (i.e., an ADT) to find “lo-
cal minima” (each grid point with a value smaller than
its neighbors) as shown in Figure 1. As can be seen

CREATE FUNCTION minima( TwoDimArray, INTEGER, INTEGER))
RETRUNS SetOfPaints

EXTERNAL NAME 'TwoDimArray!minima’
LANGUAGE C

PARAMETER STYLE DB2SQL

NOT VARIANT

NOT FENCED

NOT NULL CALL

NO SQL

NO EXTERNAL ACTION

NO SCRATCHPAD

NO FINAL CALL;

Figure 1. Registration of a new UDF in DB2

from this example, among the specified UDF charac-
teristics, the user has to define whether “SCRATCH-
PAD?” is used or not. A scratchpad is the memory area
assigned to a UDF clone to maintain the context (or
execution state). This space is allocated when a UDF

clone is initiated (if “SCRATCHPAD?” is defined) and
not deleted until the last execution of this clone. The
context held in the scratchpad memory concerns pre-
viously processed records and is carried forward to the
next execution. An ORDBMS such as Informix Illustra
supports UDFs that run in an object-at-a-time fash-
ion [9]. This design resembles the Open-Next-Close
query evaluation paradigm [3][4][2][23] that supports
data stream processing. In the rest of this paper, we
assume that both built-in and user-defined functions
run in a stream processing environment. In addition,
we consider a general UDF notion that subsumes col-
umn and table user-defined functions.

Data records are read sequentially from an input
stream. Very often stream processing requires input
streams in a proper order to efficiently perform the
computation while reading the input streams only once
[11]. Therefore, record orderings can have a signifi-
cant effect in stream processing performance. Current
DBMSs support lexicographical ordering over the do-
main of strings, numeric ordering over the domain of
numbers and chronological ordering over the domain
of date/time. However, these built-in orderings based
on the results of literal comparisons are not sufficient
since abstract data types can be introduced arbitrarily
and orderings based on the results of semantic com-
parisons are desired [17]. Further, a UDF may be
cloned into multiple copies on processors for data par-
allelism. Therefore, data streams are split into sub-
streams for evaluation. A number of well-known split-
ting strategies have been proposed and implemented
in relational DBMSs, e.g., round-robin, hashing and
range-partitioning [18]. However, many of them do
not recognize the need to maintain some degree of the
original ordering. To apply these proven techniques, a
UDF developer should have some means to notify the
optimizer how the UDF semantics affects the possible
stream splittings so that the most appropriate strategy
can be chosen.

3 Parallelizing UDFs
3.1 ADT Ordering

In a relational DBMS, no matter what the domain
of values for an attribute, we can, in principle, compare
values from the domain, and therefore we can sort these
values as a (partially) ordered list[25]. Current OR-
DBMSs support lexicographical, numeric and chrono-
logical orderings for both built-in types and ADTs. For
example, DB2 automatically generates functions for
value comparisons if the source type of an ADT is in a
domain of strings, numbers or date/time [8]. However,



these built-in orderings are not sufficient to represent
ADTs’ sophisticated semantics. For example, suppose
we use an ADT branch to describe a nationwide cor-
poration. With respect to the user-defined .oversee.
(z.oversee.y if # administers y.) and the built-in < rela-
tionships, we can have different hierarchies (Figure 2).
The optimizer may use a built-in sort operator to order
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Figure 2. Orderings

instances in the branch domain with the lexicographi-
cal ordering for some algorithms (e.g., merge-join) but
such a built-in sort operator is not able to order the
instances to represent the semantic order of the admin-
istrative hierarchy which may be required by a UDF.
To remedy this situation, we extend value comparisons
by allowing user-defined ADT ordering.

Definition 3.1 Given a set of records D of
abstract data type T, a user-defined method M : T x
T — boolean is a partial ADT ordering on D iff
(H)VYe,ye D, M(z,y) A\M(y,2) = z = y;
(2)Ye,y,z€ D, Mz, y) AM(y,z) = M(x, z).
Further, M is a total ADT ordering on D if and only
if M is a partial ADT ordering and Vz,y € D, either
M(z,y) or M(y,z). O

An ADT ordering is often a partial order in prac-
tice. For example, with respect to the .oversee. com-
parison mentioned in above, both [Los Angeles, San
Diego, Bakersfield] and [Los Angeles, Bakersfield, San
Diego] are considered to be valid since branches at Bak-
ersfield and San Diego are not overseeing each other.

To register an ADT ordering, we propose the syntax
shown in Figure 3. As an example, the administration

CREATE ADT ORDERING <ADT ordering name>
ON <abstract data type name>
ORDER BY <registered function name>;

Figure 3. Registration of ADT Ordering

ordering can be defined with the statement

CREATE ADT ORDERING administration
ON branch ORDER BY oversee;

where oversee is a registered UDF taking two values,
z and y, of the ADT branch type, and returning a
boolean value indicating whether & oversees y or not.

3.2 Record Ordering

User-defined record ordering refers to taking a col-
lection of records of the same type and mapping them
to the positions of a data stream according to the com-
parison results of ordering attributes. ADT ordering
together with traditional ascending and descending can
be used for specifying sorting direction.

We are interested in the effect of different record or-
derings on UDF performance. Consider, for example, a
simple UDF average (Figure 4) which lists all branches

-

{..., <Period, Branch, AverageSales >, V)

{..., < Date, Branch, SalesAmount >, ...}

Figure 4. An UDF that computes average
sales for each branch

and computes their average sales. The input is a data
stream of records containing business date, branch and
sales amount and the output is a data stream of busi-
ness period, branch, and average sales amount. The
point here i1s that the scratchpad contains the execu-
tion context (i.e., the partial sum and period length).
Suppose branch is the ordering attribute of the input
stream. The UDF then needs only one pair of regis-
ters for storing the partial sum and the length of the
business period (i.e., number of days). As soon as an
input record of a new branch is read from the data
stream, the UDF can output the result for the previ-
ous branch. On the other hand, if the data stream is
sorted on business date, the UDF! may have to keep a
pair of registers for each branch. That is, more context
information is required. Contrary to this example, for
a UDF that outputs a list of all business dates and com-
putes the average sales of all branches on each date, if
business date is the ordering attribute of the input data
stream, less context information is required. Therefore,
to best support data stream processing, UDF develop-
ers should provide information about how a set of data

1Here we are taking the view that a UDF is implemented such
that that it can handle (internally) different input orderings. A
UDF can be registered in different versions which are appropriate
for different orderings.



records should be ordered such that the optimizer can
properly organize a data stream.

To define a record ordering, a list of ordering at-
tributes and respective directions (i.e., ASC (ascend-
ing), DESC (descending) and ADT orderings) need to
be specified. Record orderings are associated with both
stored database tables and intermediate results in a
query evaluation. As for stored database tables, in-
dexes with respect to record orderings are built stati-
cally such that the optimizer can have additional data
access path options. On the other hand, intermediate
results are ordered as a stream at run-time. Record
orderings are registered as shown in Figure 5. We note

CREATE RECORD ORDERING <record ordering name>
( <ordering-attribute-name> <ordering-attribute-type>,
[[<ordering-attribute-name> <ordering-attribute-type>], ...] )
ORDER BY <ordering-attribute-name>{ ASC | DESC | <ADT ordering name>}
L]

Figure 5. Registration of Record Ordering

that only ordering attributes are specified in a record
ordering. Data record sets that share the same order-
ing attributes are able to be associated with the same
record ordering definition. An example is:

CREATE RECORD ORDERING minOrder AS (dd DATE)
ORDER BY dd ASC;

To optimize a query execution, built-in sort oper-
ators are often inserted into the query plan to order
intermediate results of an operator to satisfy another
operator’s input requirements [13]. We require explicit
specifications of input and output orderings in a UDF
registration (Figure 6), which is similar to other ex-
tensible database systems (e.g., Volcano[3][4]). The

CREATE FUNCTION <function-name>

(< argument typelist >) [ WITH ORDERING <record-ordering list >]
RETRUNS <data type > [ ASC|DESC|ADT-ordering|record-ordering ]
EXTERNAL NAME <external function name>

Figure 6. Extension of UDF registration

WITH ORDERING clause specifies the input record
ordering requirements. ASC, DESC, ADT ordering or
record ordering can be used to indicate the output or-
dering. The built-in sort operator is extended such
that not only the system built-in orderings (usually
ASC and DESC) but also user-defined orderings, which
are not currently supported in any ORDBMS, can be
processed. Furthermore, the definition of a record or-
dering is decoupled from data record schema so that
more than one record ordering can be associated with

the same set of data records hence satisfying different
UDF input requirements.

3.3 Windows

Definition 3.2 Given a data stream ds of
type T, a substream of size | on ds is a function
ss : integer — T such that there exists some inte-
ger k> 0 and for all 1 < i <, ss[i] = ds[k +1]. ss can
be represented as ds[u;v] such that ss[1] = ds[u] and
ss[l] = ds[v]. The size of a substream is at least 1, i.e.,
sizeOf(ss) = u—v—+1> 1. The set of all substreams
of data stream ds of type T is denoted as sub(T). O

Informally, a window (with respect to the semantics
of a UDF) is an input substream of bounded size such
that the UDF can use this substream to produce one
or more output records exclusively. Windows of a data
stream may overlap. Window size 1s often much less
than the size of a whole input stream. We are only
interested in those minimal windows that contains no
window with respect to the same set of output records.
In the remainder of this paper, windows refer to mini-
mal windows, unless otherwise noted.

Definition 3.3 Let F be a UDF such that
F(dsin) = dseys where ds;y is the input data stream
of type T;, and ds,yu: 1s the output data stream of
type Tour. A window with respect to F' is a substream
ds;n[u;v] of size bounded by a constant C' > 0, i.e.,
v—u+1 < C, such that F(dsin[u;v]) = dseut[#; Y]
where 1 < 2 < y < sizeO f(dseyt). Further, ds;,[u;v]
is minimal iff A ds;,[u; v] such that ds;, [u; '] is a sub-
stream of ds;n[u;v] with ¢/ < v and F(ds;n[u;v']) =
dsout[2;y]. The set of all minimal windows is denoted
as Wp. O

Given two windows of stream ds of type T, X =
ds[ui;vi] and Y = ds[ug; vy], the following relation-
ships between X and Y are considered:

a) equal(X, Y) if u; = ug A vy = vg;

b) meet(X, Y) if v1 = uz — 1;

¢) contain(X, Y) if ug < ua A vy < vg;

d) overlap(X, Y) if u1 < ua Aus <01 Avy < vg;
e) before(X, Y) if v; < us— 1;

f) start(X, Y) if vy = ua A vy < va;

(g) end(X, Y) if 1 = va Ay < ua.

Definition 3.4 Given a set of windows Wp
defined as above and wi, w2 € Wp, a linear ordering in
Wp can be identified as w; < ws iff meet(wy, wsy) or
overlap(wy, wa) or before(ws, ws). Further, a window
successor function is defined as next(wl) = w2 if (1)
not equal(wy, we); and (2) wy < wo; and (3) Yws €
Wp such that if w; <€ ws, then ws < w3, otherwise
equal(ws, wz). O

(
(
(
(
(
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3.4 Window Functions

A UDF can be specified in a manner that enables
generic data parallelism: (1) window function, denoted
as Fl.window(), is the function that identifies input win-
dows; (2) evaluation function, denoted as Fl.eval(), is
the function that evaluates windows and produces re-
sults; (3) merging function, denoted as F.merge(), is
the function that merges results from each clone of the
evaluation function (Figure 7). A window function is

Output Data
Stream Merging -

Input Data Distribution

Figure 7. Data Distribution for a UDF

composed of a window expression and a window direc-
tiwe. A window expression defines the common prop-
erties of input records within the same window while
a window directive specifies the relationship between
successor windows. Attributes used in a window def-
inition are called window attributes. In the following,
we describe the primitives defining a window function.
We note that this is not a complete list but sufficient
to define most interesting windows.

To specify a window expression, we include the fol-
lowing primitives:

SIZEOF( N ) Each window is of size N which is
a constant.

SIZEOF( expression )
n which is the result of the expression. An expression
is constructed with built-in arithmetic and/or scalar
operators or some other UDFs, and returns an integer
as the result.

WHEN( logical expression )
the same window should satisfy the logical expression,
which is constructed with built-in and/or user-defined
comparison functions, and returns a boolean as the re-
sult. The following keywords are commonly used in a
logical expression: (1)FIRST, the first record in a win-
dow; (2)CURRENT, the current record to evaluate;
and (3) PREYV, the previous record in the data stream.

Let Wr be the set of windows with respect to UDF
F, the following primitives can be used to define a win-
dow directive:

Each window is of size

Each record in

MEET Ywy, ws € Wp such that next(w;) =
wy = meet(wy, wa).

OVERLAP( N ) Vwy,ws € Wp such that
next(wy) = we = overlap(wy, w2) A wa[l] = wi[m —
N + 1] where m is the size of wy and N is a constant.

OVERLAP( expression ) VYw;,ws € Wg such
that next(wy) = w2 = overlap(wy, wa) A wyll] =
wi[m — n + 1] where m is the size of wy and n is
the result of the expression. An expression is con-
structed with built-in arithmetic and/or scalar oper-
ators or some other UDFs, and returns an integer.

The syntax of window registration is shown in Fig-
ure 8. As an example, let us have a simple relation

CREATE WINDOW < window name >
([ <attribute name > < datatype>, ...])
AS < window expression >
WITH <window directive>;

Figure 8. Registration of Window Definition

salesTable( dd DATE, sales FLOAT ), to com-
pute the n days running sales average, a window can

be defined as follows:

CREATE WINDOW running ( n INTEGER )
AS SIZEOF( n ) WITH OVERLAP( n-1 );

As an example of the window usage, let runningAv-
erage be a registered UDF with input record ordering
on dd, the SELECT statement that computes 30 days
running sales average is:

SELECT runningAverage(S.sales) USING running(30)
FROM salesTable S;

3.5 Classification of Windows

According to user-defined window expressions and
directives, a window function with respect to dsg,: =
F(dsin) (where F'is a UDF, dsyy: and ds;, are out-
put and input streams respectively) can be classified
as follows:

Unit Window All windows identified by a window
function in this class are of size 1. That 1s, the window
expression is SIZEOF( 1 ). Examples of operators with
such a window function include filter and projection.

Fixed Length and Disjoint Windows identified
by a window function in this class are of window expres-
sion SIZEOF( n ) and window directive MEET, where
n > 1 1s known at optimization time. An example is
the window function for a UDF computing 30 (busi-
ness) day averages of IBM stock prices from input that
consists of daily closing prices in chronological order.

Variable Length and Disjoint Windows iden-
tified by a window function in this class are of size



bounded by a constant C. The window expression in-
cludes SIZEOF( C ) and WHEN( logical expression ),
while window directive is of MEET. As an example,
consider a given input stream of IBM stock closing
prices which are irregularly recorded in chronological
order. The window function for a UDF computing
monthly closing price averages on this input stream is
of this class.

Fixed Length and Continuous All windows
identified by the window functions in this class are of
window expression SIZEOF( n ) only and window di-
rective OVERLAP( k ) where both n and k are con-
stants known at optimization time. For example, given
an input that consists of daily IBM stock closing price
records in chronological order, the window function of a
UDF computing 30 business day closing price running
averages belongs to this class.

Variable Length and Continuous  Window
functions in this class identify windows bounded by
a constant C and overlapped. The window expression
is defined as SIZEOF( C ), the bound of each window
size, and WHEN( logical expression ), which evaluates
records for each window. The window directive is spec-
ified as either OVERLAP( n ) or OVERLAP( expres-
sion ). An example is the window function of a UDF
that computes 30 day running average from an input
stream that consists of irregularly measured tempera-
ture records in chronological order.

Unclassified All other window functions that can
not classified into any of above. For example, the win-
dow function of a UDF that computes the monthly
average IBM stock closing prices from an input that
consists of unordered stock price records is in this class.

3.6  Window Recognition

Static Window Recognition For those window
functions in unit window or fized length classes, the op-
timizer can analyze windows on input streams at op-
timization time because they are not data dependent.
The window expression is evaluated when the query is
compiled so that each position of the input stream is as-
sociated with respective windows. As a result, the data
distribution mechanism can efficiently assert whether
an input record belongs to a certain window.

Dynamic Window Recognition In contrast to
the static window recognition, for the window functions
in variable length classes, the optimizer can not con-
clude the accurate window sizes at optimization time.
In order to assert whether an input record belongs to
a window or not, the window expression needs to be
evaluated at run-time. The optimizer can estimate the
expected sizes according to statistical information and

then choose the most appropriate distribution strategy,
as we will discuss soon, to parallelize the data compu-
tation. The evaluation results of window expressions
are stored for future window size estimation.

3.7 Stream Data Distribution

A number of distribution strategies for data par-
allelism have been proposed and implemented for re-
lational DBMSs[18]. In the following, we discuss how
hashing, round-robin and range-partitioning are applied
in stream processing with our window-based approach.
We assume that window attributes are consistent with
ordering attributes (i.e., window attributes are the first
k ordering attributes where k is equal to or less than
the number of ordering attributes) since a better per-
formance can be delivered [15].

Hashing and Round-robin Both hashing and
round-robin strategies attempt to spread the workload
more evenly among processors by distributing records
randomly. To split the input data stream with a unit
window function of a UDF, the distributor does not
have additional overhead with either the hashing or
round-robin strategies since all windows are of size 1.
As a result, the distributor simply sends next available
record to UDF clone designated.

For a UDF with disjoint window function (either
fized length or variable length), windows are sequential
in the input stream and do not overlap. As a result, no
replication overhead is incurred. If windows are fized
length, the distributor counts the number of records al-
ready sent to a clone. Once the number is equal to the
window size, it can switch the distribution to another
UDF clone. If windows are variable length, the distrib-
utor needs to keep more information and evaluate the
window expression at run-time. The distributor can
switch the destination UDF clone within a period of
time for sending C' records since the size of each window
is bounded by a constant C. As an example, suppose
we have a UDF which computes branch average sales
of a company from input that consists of daily sales
amount in chronological order. The distributor evalu-
ates the given window expression, which compares the
branch name of the available record with the branch
name of the current window, and sends the record to
the respective UDF clone.

For a UDF with continuous window function, an
input record may belong to more than one window.
Therefore, replication overhead will generally be in-
curred. If windows are fized length, the distributor
sends the same record to more than one clone and
maintains a table of record counts, which indicates
how many records have been sent to each UDF clone.



Once a record count is equal to the fixed window size,
that means a complete window has been sent to the
respective clone. If windows are wvariable length, the
distributor needs to evaluate the window expression
at run-time to determine whether a complete window
of records has been sent to UDF clones. Sending a
complete window to a clone can be done within the
time of sending C' records where C' is the bound of
window size. As an example for variable and contin-
uwous windows, suppose we have a UDF computing 30
day moving average sales of a company branch from
input that consists of irregular collected sales amount
in chronological order. The distributor evaluates the
given window expression, which compares the date of
the available record with the window sizes, and then
sends the record to respective clones.

For a UDF with unclassified window function, a
UDF can not be cloned unless a merging function is
defined. If it is the case, relational distribution strate-
gies can be applied directly. For example, a UDF im-
plementing merge-sort algorithm can be cloned such
that each UDF clone sorts a substream and the merg-
ing function merges the outputs from each clone. The
distributor can sends records to each clone based on
records instead of windows.

Range Partitioning The range partitioning strat-
egy can be characterized by clustering and process-
ing records with close (or equal) attribute values at
the same UDF clone. We call the attributes used for
range-partitioning the partition attributes. With re-
spect to input stream X (I, A, B) where I is of integer
type to indicate the position of a record in the data
stream, A is the list of ordering attributes [aq, - -, ap),
and B is the set of ordinary attributes {b1,---,b,}.
Range-partitioning can be classified into three forms,
according to whether the partition attributes are: (1)
the first k& ordering attributes; (2) some attributes ex-
cept the first k ordering attributes; (3) both the first
k ordering attributes and some other attributes where
(1 <k < p). We discuss each scheme as follows.

Case 1  When the partition attributes are com-
posed of the first k ordering attributes, the data stream
is partitioned horizontally (Figure 9.a). Record repli-
cation may happen at the boundaries between portions
for UDFs with fixed or variable length continuous win-
dow functions. Suppose the input stream is divided
into m portions, the number of replicated records is
bounded by (m — 1) # (C' — 1) where C is the window
size of a fixed length continuous window functions, or
the bound of window size for variable length continu-
ous window functions. For example, suppose we have
an aggregate function which computes 30 business days
running average sales of a branch from input that con-
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ordering : ordering
attributes - attributes
partition 4
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Figure 9. Forms of Range-Partitioning

sists of daily sales amount in chronological order for 360
days. The distributor divides the input stream into 4
portions according to date, the number of records in the
boundary between two neighbor portions is 29. There-
fore, the total number of replicated records is 87.

As for a UDF with unit window function, there is
no record replication. If the edges of portions are the
edges of windows for a UDF with periodic or sporadic
disjoint window function, records are not replicated for
partitioning.

Case 2 In the case of partition attributes which
are attributes other than the first £ ordering attributes
(Figure 9.b), the distributor has to keep track whether
or not complete windows have been sent to appropri-
ate UDF clones for computation. For this partitioning
form, once a record is distributed to a particular clone,
all records in the same window should be sent to the
same clone (otherwise some UDFs may not be able to
complete the respective computation). As a result, the
possibility of record replication is increased. For ex-
ample, suppose we have an aggregate function which
computes 30 business days running average sales of a
branch from input that consists of daily sales amount
in chronological order for 360 days. The distributor
divides the input stream into 4 portions according to
sales volumes. The records in the same window (30
days) may not have sales volumes in the same cate-
gory, e.g., 1 and r3 in window w. Therefore, r; and ry
are distributed to different portions. However, in or-
der to complete the computation of window records, all
records in w need to be sent to both destinations where



r1 and ro were sent. In addition, duplicate output may
result since w is distributed to different destinations
and therefore the elimination of duplicates 1s required.
Because of the potentially redundant and inefficient
computation, this form of range-partitioning may not
be practical for most UDFs (except those UDFs with
unit window functions).

Case 3 Another possible form of range-partitioning
is where the partition attributes consist of both the
first k& ordering attributes and some other attributes
(Figure 9.c). As we have discussed above, using at-
tributes other than the first & ordering attributes as
partition attributes is possible but not practical be-
cause of potentially increasing the need for replicat-
ing input records and eliminating output duplicates.
Therefore, this form of range-partitioning is not ap-
propriate for most UDFs.

4 Implementation Issues

In practice, the overhead of additional sort opera-
tions may offset the benefits from parallelizing UDFs
with proper ordered input streams. We briefly discuss
some implementation solutions as follows.

Building indexes When a user-defined ordering
is registered, if it is associated with a stored database
table, an index providing alternative path to access
records in a certain sequence can be built in advance
so that no sort operation at run-time is needed.

Weakening ordering constraint When reading
a data stream, a UDF may not require the input se-
quence to be exactly same as the specified user-defined
ordering, which may be registered for more than one
UDF. As we have discussed, the set of window at-
tributes, which is UDF semantics related, should be
consistent with the first k& ordering attributes (where
k 1s less than or equal to the number of ordering
attributes). Since our data distribution approach is
window-based, as long as the input stream is ordered
according to window attributes (i.e., the first & ordering
attributes) the ordering requirement is satisfied. We
note that such a property may depend on how the UDF
is implemented. Therefore, the registry of a UDF has
an option to allow this assumption.

Pushing down window attributes The order-
ing property of window attributes for an operator in a
QEP can be “pushed down” to combine with other sort
operations or stored table index access whenever possi-
ble. Here we assume that a QEP is a tree-like structure.
The bottom part of a QEP consists of operations scan-
ning stored databases files. In general, the less (extra)
sort operations, the better the performance.

5 Related Work

User-Defined Functions are widely studied in recent
years ([7], [6], [5], [22], [21], [14], [10]). However, most
of these efforts consider limited or non-parallel execu-
tion. For example, developers of IBM DB2 can specify
ALLOW PARALLEL or DISALLOW PARALLEL for
a user-defined scalar function[8]. Our approach allows
the parallel execution for more general UDFs. both
inter- and intra- parallelism are discussed in [3]. Dif-
ferent from their work, we identify operator character-
istics with window functions such that the optimizer
can derive the parallel execution systematically. [20]
[11] [12] studied the intrinsic characteristics of stream
processing in detail. We have extended their work to
allow more general streaming data and UDFs as well
as user-defined orderings. It is interesting to compare
our classification of window functions to the classifica-
tion of UDFs for parallelization in [10], which classi-
fies UDFs (operators) according to the allowed parti-
tioning methods, while we analyze window properties
and classify window functions according to their pat-
terns in input streams with the extensibility of user-
defined ADT orderings. [19] introduces the concept
of limited patience patterns to model window pattern
searching. They use “BLOB” (a special column field)
to store time-series data and do not consider the or-
dering among tuples in a table. Though [17] extended
SQL to handle ordered tables, UDFs and parallelism
are not considered in their work.

6 Summary and Future Work

The focus of this work has been on parallelizing gen-
eral UDFs in an ORDBMS environment. We have pro-
posed a novel optimization approach, which 1s based on
a data streaming paradigm, to fully support parallelism
as well as dynamic reconfiguration of query execution
plans [16] in an ORDBMS. The major points presented
in this paper can be summarized as: (1) User-defined
orderings are introduced to support data stream pro-
cessing; (2) Properties of window functions for UDFs
have been characterized into classes such that system-
atic window distributions can be derived to parallelize
data computation; (3) Implementation and optimiza-
tion 1ssues are enumerated for providing query services
in ordered domains.

Some issues require further investigation. First, sta-
tistical execution information is important in optimiz-
ing the dynamic window expression evaluation. To es-
timate the bound of windows of variable length, his-
torical information is critical. There is also a question
of how this information can be obtained efficiently and



summarized in a suitable form for the optimizer. In ad-
dition, for long running queries in application domains
such as data warehousing statistical analysis, fault tol-
erance is important as well. A possible approach is to
build a checkpoint periodically during run-time. Since
each output record is associated with an input window,
with checkpointing at the edges of some windows, the
query processing can be stopped and restarted. How-
ever, checkpoint operations at run-time increases the
workload. We need to study the optimal frequency of
checkpointing carefully. Further, for a query process-
ing service, a global optimization algorithm that mate-
rializes and pipelines intermediate results of common
sub-queries can speed up the overall performance.
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