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ABSTRACT companies have developed distributed data storage and
Companies providing clouscale services havan increasing ~ Processing systems on large clusters of shaotding commodity

need tostoreand analyze massive data sets such as search log§€versi ncl udi ng Go o dd] eBigmblef3], Map Sy st e
and click streams. Foost and performance reasopsycessingis ~ Reduce [5], Hadoop[l], Yahoo! 6s[2lPi @s lsysa man
typically done on large clusters of shareathing commodity ~ Nepwnel4, ~and Mi cr [B]s/Atypiced dustd copsists
machines. It is imperative to develop a programming model that of hundreds_ or thousands of_ commodlty machlnes_ connected via a
hides the comlpxity of the underlying system but providesxfle high-bandwidth network. It is challenging to design a progra

ibility by allowing usersto extend functionality to meet a variety ~Ming model that enables users to easily write programs that can
of requirements. efficiently and effectively utilize all resources in such a cluster

and achieve maximum degree of parallelism.
In this paper, we present a new declarative and extensiblé- scrip ) . )
ing language, SCOPESfuctured Computatiors Optimized fa The MapReduceprogrammmg model provides a good abstragtlon
Parallel Execution), tageted for this type ofnassive data angal of groupby—aggregathn operations over a cluster of machlne_zs.
sis The language is designed for ease of use with no explieit pa 11€ Programmer provides a map function that performs grouping
allelism, while being amenable to efficient parallel execution on &nd @ reduce function thaerforms aggregationthe underlying
large clusters. SCOPE borrows several features from B@ta. is runtlme_ systgm achleves_ parallellsm by partltlo_nlng the_data and
modeled as sets of rows composed of typed columns. The seledPrOcessing different partitions concurrently using multipla- m
statement is retained with inner joins, outer joins, and aggregationcines.
allowed. Users can easily define their own functions andeémpl  However, this model has its own set of limitations. Users are
ment their own versions of operators: extractors (pgrahd co- forced to map theiapplications to thenapreducemodel in order
structing rows from a file), processors (revise processing), o achieve parallelism. For some applications this mapjsng
reducers (groupvise processing), and combiners (combining yery unnatural. Users have to provide implementatiam the
rows from two inputs). SCOPE supports nesting of expressionsmap and reduce functions, even for simple operations likegroje
but also allows a computation to be specified as a seriespsf st tion and selectionSuch custom code is erfprone and hardly
in a manner often preferred by programmers. We also describereysable. Moreover, for complex applications that require multiple
how scripts are compiled into efficient, parallel execution plans stages omapreduce there are often mansalid evaluation stra
and executed on large clusters. egies and execution orders. Hagi users implement (potentially
1. INTRODUCTION multiple) map and reduce functions is equivalenas&ingusers

specifyphysical execution plans direcily database systems. The

Internet companies store and analyze massive data' sets, such a3eqr plansnay besuboptimal and lead to performance degrad
search logs, wecontent collected by crawlers, and click streams tion by orders of magnitude.

collected from a variety of web services. Such analysis isnbeco
ing increasingly valuable for business anvariety ofways, for In this paper, we present a neariptinglanguage, SCOPES(fuc-
example, to improve service quality and support novel features, totured Computatios Optimized for Parallel Execution), targeted
detect chnges in patterns over time, and to detect fraudulent a for largescale data analysis that is undevel@pment atMicro-
tivity. soft. Many users are familiar with relational data and SQL.
) » SCOPEintentionally builds on this knowledge but with simplif
Due _to the size of the_s_e data sets,' traditional parallel databaseiions suited for the new exemrt environment. Users familiar
solutiors can be prohibitively expensive. To lable to perform i SQL require little or no trainingo use SCOPE. Like SQL,
this type of webscale analysis in a cesffective mannerseveral data is modeled as sets of rows pased of typed columns.
Every rowset ha a welldefined schemaThe SCOPE runtime
provides implementatianof many standarghysical operators,
Permission to copy without fee all or part of this material is granted provic ~ Saving users from implementing similar functionality repetitively.
that the copies are not made or distributed for direct commercial advant SCOPEis beinguseddaily for a variety of data analysis and data
the VLDB copyrig_ht n_otice and thﬂ'il_e of_ the publicgtic_)n and its date-a mining applicatims inside Microsoft.
pear, and notice is given that copying is by permission of the Very La
Database Endowment. To copy otherwise, or to republish, to poston sel  SCOPE is a declarative language. It allows users to focus on the
or to redistribute to lists, requires a fee and/or special peomgsérom the data transformations required to solve the problem at hand and
{J,UE"Shgr‘, ':ﬁ?gj'& 2430, 2008, Auckland, New Zealand. hides the complexity of the underlying platform and implement
Copyright 2008 VLDB Endowment, ACM 06B:00006000-0/00/00. tion details. The SCOPE compiler and optimizee responsible
for generating an efficient execution plan and the runtime for

executing the plan with minimal overhead.



SCOPE is highly extensible. Users can easily define their own Finally, the output command writes the result to the file

functions and implement their own versions of operators: @xtra
tors (pasing and constructing rows from a file), processors {row
wise processing), reducers (grewfse processing), and combi
ers (combining rows from two inputs). This flexibjligreatly
extends thescope of théanguage andllows users to solve poe
lems thatcannot be easily expressediiaditional SQL.

SCOPE provides functionality similar to views in SQL. Thia-fe

ture greatly enhances modularity and code reusability. It can als

be used to restrict access to sensitive data.
SCOPE supports writing a prograumsing traditional nested SQL

figcount . resul to.

In either case, users do not need to implement any operators or
wonderhow to efficiently execute the query on a large cluster.
The SCOPE compiler and optimizer are msgble for translating

a script into an efficient, parallel execution plan.

The rest of the paper is organized as fooWe first give an

Orief overview of the software platform developed at Microsoft

for storing and analyzing massive data sets inti@e@. We
present the SCOPE scripting language in more detail in Sektion

expressionor as a series of simple data transformations. The In Section4, we describe other SCOPE components and show
latter style is often preferred by programmers who are used tohow a SCOPE script is compiled, optimized, and executede-Exp

thinking of a computation as a series of stafye. illustrate the
usage of SCOPE by the following emple.

rimental evaluation using TRB queriess provided in Sectiob.
We discuss related work in Secti6rand corlude in Sectiory.

Example 1 A QCount query computes search query frequencies: 2 PLATFORM OVERVIEW

how many times different query strings have occurred. There are

several variants of QCount queriésr example, a QCount query
may return only the topl most frequent queries or it may return
queries that have occurred more thdrtimes. Nevertheless, all

QCount queries involve simple aggregation over a large data set,

followed by some filtering conditions.
In this example, we want to find from the sdatag the popular

queries that have been requested at least 1000 times. Expressing

thisin SCOPESs very easy.

SELECT query, COUNT( *) AS count
FROM "search.log" USI NG LogExtractor
GROUP BY query

HAVING count > 1000

ORDER BY count DESC;

OUTPUT TO "qcount.

The select command is simil
that it uses a builin extractor, LogExtractor, which parses each
log record and extractthe requesteccolumns. By default, a

re sult ";

command takes the output of the previous command as its inpu
In this case, the output command writes the result of the select to

the file resul to.

The same query can also be written in SCOPE as &bgtsiep
computation.

e = EXTRACT query
FROM s elat ch
USING LogExtractor;

COUNTE) as count

fgcount .

sl = SELECT query,
FROM e
GROUP BY query;

s2 = SELECT query, count
FROM s1
WHERE count > 1000;

s3 = SELECT query, count
FROM s2
ORDER BY count DESC;

OUTPUT s gcolin® résult ";

The script is also easy to understand. €igact commandxe
tracts all query string from the log fil&he first select command

ar
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Figure 1: CosmosSoftware Layers

Microsoft has developed a distributedmputing platform, called
Cosmos, for storing and analyzing massive data sets. Cosmos is
designed to run on large clusters consisting of thousandsvef co
modity servers. Disk storage is distributed with each séraging

one or more direeattached disks.

High-level design objectives for the Cosmos platform include:

1. Availability : Cosmos is resilient to multiple hardwarelfai
ures to avoid whole system ages. Filedata is replicated
many times throughout the systemnd file metadata is ma-
naged by a quorm group of 2+1 servers so as toleratef
failures

2. Reliability: Cosmos is architected to recognizansient
hardware conditions tavoid corrupting the systen®ystem
components are chegdimmed endo-end and apply e
chanisms to crash faulty compot&nThe ordisk data is p-
riodically scrubbed to detect corrupt or bit rot data before it
is used by the system.

3. Scalability: Cosmos is designed from the ground up to be a
scalable system, capable of storing and processing petabytes
of data. Storage armbmpute capacity is easily increased by

counts the number of occurrences of each query string. The
second select command retains only rows with a count greater

than 1000. The third select command sorts the rowscount. 4.

adding more servers to the cluster.
Performance Cosmos runs on clusters comprisgdhou-
sands of individual serverPata is distributed among the



servers. Ajob is broken down into small units of comput
tion ard distributed across a large number of CPUs and st
rage devices, significantly reducing job completion times.

representing data flow3he runtime component dfie execution
engine is called th@ob ManagerTheJM is the central and coo
dinating process for all processing vertiegithin an application.

Cost Cosmos is cheaper to build, operate and expand, perThe primary function of the JM is to construct the runtime DAG

gigabyte, than traditional approaches to the same problem. Itfrom the compile timeepresentationf a DAG and execute over

is far more coseffecive to utilize large numbers of lowost

it. The JM schedules a DAG vertex onto the system processing

servers to tackle these types of massive compute problemsnodes when all the inputs are rgadhonitors progressand, on

as opposed to buying a smaller number of expensive-large
scale servers.

Figure 1 shows the main components of the Cosmos platform.

1. Cosmos storageA distributed storage subsystem designed to

reliably and efficiently store extremely large sequential files.

2. Cosmos execution environmeAh environment for depie
ing, executing, and debugging distributed applications.
3. SCOPE A highlevel scripting language for writing data

failure, reexecutes part of the DAG.

We refer readers to the Dryad paper [6] for details of an execution
engine that is built over the basic primitives of Cosmos. Dryad
implements a job manager ard graph building language for
composig vertices of computation and edges of communication
channels between the vertices.

3. SCOPE Scripting Language
The SCOPE scripting language resembles $QLwith C# e-
pressions.This design choice offers several advantadissre-

analysis jobs. The SCOPE compiler and optimizer translate semblance to SQL reducesetlearning curve for useend eases

scripts to efficient parallel execution plans.

In this paper, we focus on the SCOPE and its components. W
briefly describe other Cosmos comporgeit ths section.A de-
tailed description of the Cosmos platformoist of the scope of
this paper.

2.1 Cosmos Storage System
The Cosmos Storage System is an appmnid file system that

€

porting of eisting SQL scriptgnto SCOPE. SCOPE expressions
can use C# libraries. Custom C# classes can compute functions of
scalar values, or manipulate whole rowsets.

A SCOPE script consists of a sequence of conttwaExcept for
a few auxiliary commands, commands are dasmsformation
operators that take one or mamvsets as input, perform some
operation on the data, and outputoavset Every rowsethasa
well-defined schema thatl its rows must adhere to.

reliably stores petabytes of data. The system is optimized for large

seqential /0. All writes are appeprdnly and concurrent writers

By default,a command takes the result rowset of thevjmes

are serialized by the system. Data is distributed and replicated forc°mmand as input. sAshown in Example, The output command
fault tolerance and compressed to save storage and increase 1/¢§ the first SCOPE script takes the result of the previelect

throughput.

A Cosmos Store providesdirectorywith a hierachical hams-
pace and stores sequential fitfsunlimited size. A fileis phys-

command as its inpuSCOPE comands can also take named
inputs and userscan name the outpubf a command usingsa
signment. The output of a command can be used by subsequent
commands one or more times. The second script in Example 1

cally composed of a sequence of extents. Extents are the unit opows an example of named inputs where e, s1, s2, s3 represent
space allocation and are typically a few hundred megabytes inyne result ofthe correspording command Named inputs/outputs

size. A unit of computation generally consumesnalsnumber of

enable users to write scripts in multiple (small) stepstylepre-

collocated extents. Extents are replicated for reliability and also ferredby some programmers

regularly scrubbed to protect against bit rot.

SCOPE supports a variety of data types, including int, long,

The data within an extent consist of a sequence of append blocksgoyple, float, DateTime, string, bool and their nullable caunte

The block boundaries are defined by application appendseip
blocks are typically a few megabytes in size and contain aceolle
tion of applicatiordefined records. Append blocks are stored in

parts. SCOPE uses C# semantics for nulls, which differs from
SQL null semantics. Null compares equal to null. Null compared
to a nonnull value is always false. Null sorts higfheaggreyates

compressed form with compression and decompression donggnore nulls in SCOPE

transparently at the client.

2.2 Cosmos Execution Environment

The lovest level primitives of the Cosmos execution environment
provide only the ability to run arbitrary executable code ona ser
er. Clients upload application code and resources onto the syste

via a Cosmos execution protocol. A recipient server assigns the/*S described earlier,

task a priority and executes it at an appropriate time. It is difficult,

tedious, error prone, and time consuming to program at this lowes

level to build an efficient and fault tolerant application.

In Cosmos, applications are programmed agjathe execuion
engine that provides a highkavel programming interface and a
runtime system that automatically handles the details of ogtimiz
tion, fault tolerance, data partitioning,
parallelism.

An application is modeled as a dataflovagh: a directed acyclic

A script writer canview operators abeing entirely serial; mp-
ping the script to an efficient parallel execution plan is handled
completely by the SCOPE compiler and optimizer.

-1 Input and Output

Cosmos provides distributed storage for
massive data sets, such as site usage click streams. While

+SCOPE is mostly used to analyze data stored in Cosmos files, any

type of data store can be used as a data source or data sink.

Input data for a SCOPE script is obtained by means ofioudt
userwritten extractors. SCOPE prodd many standard extractors
such as a generic extractor for text files and more specific ones for

resource management andreduently used log filesHowever, nput data doesot have to

originate from files; a user could, for example, write an extractor
that pulls data from a datbase system. Similarly, SCORHtputs
data by means of builb or useswritten outputtes, regardless of

graph (DAG) with vertices representing processes and edgese type of data sink

3



pupiic class Linel temextractor : extractor

{

enum Cols{l_orderkey=0, |_partkey, |_suppkey, |_linenumber, |_quantity,
|_extendedprice, |_discount, |_tax, |_returnflag, |_linestatus,
|_shipdate, |_commitdate, |_receiptdate, |_shipi nstruct, |_shipmode, |_comment}

public override Schema Produce (string[] requestedColumns, string[] args)

{ return new Schema(requestedColumns); }

public override IEnumerable<Row> Extract(StreamReader reader, Row outputRow, string[] args)
{ string line;

int[] request Col = new int[[{(int)Cols.|_quantity, (int)Cols.|_extendedprice,

(int)Cols.|_discount,
(int)Cols.|_linestatus,
while ((line = reader.ReadLine()) != null) {
string[] tokens = line.Split('[');
if
continue ;
for (inti=0; i <
if (request Col
outputRowr(i].

request Col.Length; i++) {
[i] <= (int)Cols.I_tax)

else

outputRowr(i]. Set(tokens[  requestCol

yield return outputRow;

}

tokens[(int)Cols.|_shipdate].Substring(0,10) > "1998

Set( double.Parse(tokens[requestColli]]));

[i:

(int)Cols.I_tax,(int)Cols.I_returnflag,
(int)Cols.I_shipdate};

-10-01") // filter on ship date

Figure 2: Example Implementation of a Custom Extractor

SCOPEprovidestwo customizablecommands EXTRACT and
OUTPUT, for users to easilyead indata from a data souread
write outdatato a data sink

EXTRACT column[:<type> ]
FROM < input_stream(s) >
USING <Extr actor> [(args)]
[HAVING <predicate  >]

[

é]

The tractcommandextracts data from some data source, bsua
ly a Cosmos file or a reguléite, and outputs a sequenceérows

with the schemapecified in the extract clausBarsing theaw
input dataand constructing output rows is most often done using
one of the standard extractors provided by SCORIE. optional
having clause can be used to quickly filter the output; rows not
satisfying the predicate are immediately discarded.

Users can provide astomextractorsby extending the C#lass

fi Ex t r &igure@ shows an example implementation of &-cu
tom extractorthat extracts some columns from the lineitet®. fi
TheA Extract 0 ftevatoover autput roves, thamis, a
call returns the next output row. (TI@¥ statemenyield r  e-
turn outputRow returns the current rowand he next call e-
sumes execution from theneot from the beginning of thiinc-
tion.) Users canalso providescustom schema informatiorby
over writi ng Prodhcé which is calldéd atnconipile
time. In this examplewe assumes that records in the lineitem file

correspondtd ows and col umns Itaxtracts s e
thecol umns indicated i n fihaeqgau e
ship date |1802d. than 61998

OUTRJT [<input>

[PRESORT column [ASC | DESC]
TO <output_stream>
[USING <Outputter> [(args)]]

[. B8l

Similarly, the output command is used to write data tBosmos

file, a regulaffile, or anyotherdata sink This is the only way that
data can exit the systerfRormattinga row for output is done by
calling the specified outputter, which can be one supfliethe
system orby theuset hr ough extending .t he
If no outputter is specified a default text putter is used. The
optional presort clausespecifiesthat the input steam isto be
sorted before rows are formatted and output.

3.2 Selectand Jan
SCOPE includes a selecommand that is patterned @QLS s
select statement.
SELECT [DISTINCT] [TOP count]
sele ct_expression [AS <name >]1 [,
FROM{ <input stream(s)> USING <Extractor> |
{<input> [<joined input > [ é]1]}

é]
[,

él

[WHERE <predicate> ]
[ GROUP BY <grouping_col umns>
[ HAVING <predicate> ]

[

él]

[ORDER BY <select_list_item> [ASC | DESC] [, ée]]
joined input:

<join_type> JOIN <input>[ ON <equijoin>]
join_type:

[INNER |{ LEFT |

e&tipgaoll cgramarﬁj in tf&e frgﬂpuse is allowethut subqueries
e Agf plgweq.'l'peo %ect,!ogn GH‘? aag'oin thIt('LPIF inputs
using inner or outer joinsbin orderselection iscurrentlyheurs-
tic, preferring equijoins and then joins with other predicates: Pr

dicates are pushed downft¥e joins when possible.

RIGHT | FULL} OUTER

Ten different aggregation functions airrently supported:
COUNT, COUNTIF, MIN, MAX, SUM, AVG, STDEV, VAR,
FIRST, and LAST. COUNTIF takes a predicate and counts only

C#

]



pupliic class Irnm

{

FProcessor : rrocessor

I
public override Schema
{ return new Schema(requestedColumns);
/I This function trims all string

{

foreach (Row row in input.Rows)
row.Copy(outRow)
for (inti=0; i < row.Count; i++)
if(outRow.Schema]i]. Type == ColumnDataType.String){
outRowl(i]. Set(outRowf[i].String.Trim()) ;
}

yield return outRow

{

This metho d is called at compile time to get column names and types of the output rows
Produce( string[] requestedColumns,

valued columns and leaves others unchanged.
public override IEnumerable<Row> Process(RowSet input, Row outRow, string[] args)

string[] args, Schema input Schema)

Figure 3: Example I mplementation of aCustom Processor

the rows that satisfy the predicate. FIRST (LAST) returresfitst
(last) row in the group. FIRST and LAST are nondeterministic if
the rows within a group are not sorted.

Disallowing subqueries does not reduce the expressive power of
the languag because outer join is supported. Any subquery can
be handled by first computing the result of the main query block
and of the subquery block, then ouw@ining the subquery result
with the main query result (using the predicates correlating the
main quey to the subquery as join predicates), &indlly filter-

ing the result using the predicate referencing the subquery.

Example 2: We rewrite the followingSQL query so the subquery
is eliminated.The correlation predicate is the equality predicate
Sc = Rc in the subquery.

SELECT Ra, Rb
FROM R
WHERE Rb< 100
AND (Ra >5OR EXISTS( SELECT *FROM S
WHERE Sa < 20

AND Sc = Rc))
Here is an equivalescript in SCOPE.

SQ = SELECT DISTINCT Sc FROM S WHERE Sa <20 ;
ML = SELECT Ra, Rb, Rc FROM R WHERE Rb < 100;
M2 = SELECT Ra, Rb, Rc, Sc

FROM M1 LEFT OUTER JOINSQONRc==Sc ;
Q = SELECT Ra, Rb FROM M2

WHERE Ra>50RRc!=Sc ;

The first selet (SQ) finds the S rows that satisfy the non

erators available in C# are available in SCOBEOPE also
makes it easy for users to write their own function® d&finition
of a userdefined function can be included right in the script file.

Example 3 The following script illustrates the use of C# string
functiorns and shows how to write a useefined function. Cbe
umns A, B and C are all of type string amdnsequently, any of

the Gt string functions can be used. The expression A+C denotes
string concatenation because both operands are stringC#he
functonAi Tri mdo strips white space
of a string.The userefined functioni $ti ngOccur so
number of occurrences of a given pattern string in an input string.
The function is written in C# and included in the script file in a
section delimited by #CS and #ENDCS.

fro
cour

R1=SELECTA +CASac , B.Trim() AS B1

FROM R

WHERESt r i ngOccurs(C, #Axyzo) > 2
#CS
public static

int S t ringOccurs(string str, string ptrn)

int cnt=0; int pos= -1;
while (pos+1 < str.Length) {
pos = str.IndexOf(ptrn, pos+1) ;
if  (pos < 0) break;
cnt++;
}
return cnt;

}

correlation predicates, project them onto the S columns used in#ENDCS

the correlation predicate (Sc), and eliminates duplicates. The
second select (M1) begiprocessing of the main query by appl

ing predicates thaio not involve the subquery. The third select
(M2) outerjoins the previous result with the subquery result using

the correlation predicate. Outer join is used to guarantee that

every row fromthe main querys retained in the output. M1 rows
that do not gin with any rows from SQ are neéixtended on Sc.
The fourth select (Q) computes the final result by applying the

3.4 User-Defined Operators

For complex data mining and analysisplications, it magone-
timesbe complicated or imposs#lto express desired operation
with SQL-like command alone Examples include complex data
manipulation, customized aggregates, etc.

SCOPEprovidesthree highly extensible commantigat manipi-
late rowsets PROCESS, REDUCE and COMBINE. Users can

predicate referencing the subquery. Note that the predicate Rc !=write customized operations by extending binliC# components.

Sc is stisfied only for rows that anmeull-extended on Sc.

3.3 Expressions and~unctions
Scalar expressions and predicates in SCOPE are translated into
expressions and predicates. This means that all functionspand o

5

C?U

Thecode can also be easily reused in other SCOPE scripts.

The extensibleommandgrovides the sam&inctionality asthe
apreducemodel describedin [5] andthe operationsnap re-
ce andmergedescribed n [12]. These extensible commands



punliic class Count Reducer : Reducer

{
public override Sch
{ return new Schema(requestedColumns);
public override IEnumerable<Row> Reduce(RowSet
{ int count = 0;
foreach (Row row in input.Rows) {
if (count == )
outputRow[0].Set(row[o ].String);
count++;
outputRow[1].Set(count.ToSt ring())
} yield return outputRow;
t

ema Produce (string[] requestedColumns, string[] args, Schema upstreamSchema)

input, Row outputRow, string[] args)

/I copy over first column

/I convert to string and return in second col

Figure 4: Example Implementation of a Simple Count Reducer

puDplic class Multiset

{

pirrerence . Combpiner

int rightcount = 0 ;
Foreach (Row row in right.Rows) {
} rightcount++

foreach  (Row row in left.Rows) {
rightcount  -- ;
if  (rightcount < 0) {
row.Copy(outputRow);
yield return outputRow;

}
}

public override Sch

{
}

retur n new Schema(requestedColumns);

}

public override IEnumerable<Row> Combine(RowSet left, RowSet right, Row outputRow, string[] args)

ema Produce (string[] requestedColumns, s
Schema leftSchema, string leftTable, Schema rightSchema, string rightTable)

tring[] args,

Figure 5: Example Implementation of a Custom Combiner (computes the differencef two multisets)

complement SELECTwhich offers easy declarativdiltering,
joining, arithmetic and aggregatianWe now describe the three
commands and illustratbeir usage

3.4.1 Process
PROCESS [<input>]
USING <Processor> [ (args) ]

[ PRODUCE column[, €]
[WHERE <predicate> ]
[ HAVING <predicate >

The proces command takes a rowset input, processes each row
in turn, and outputs sequencef rows. The schema of the output
rowsetis specified in the produce clause. Thkere anchaving
clause areconvenient shohiand i they can be used tprefilter
the input rows angostfilter the output rowsrespectively,with-
out the need for separate select commsand

The actual work of a process command is done by awrsen
processor. The processorcegves one input row at a time,rpe

forms some computation on the row, and outputs zero, one, or

multiple rows.Figure3 shows a simple example processor which
trims al string valued columns and leaves others unchanged.

The process command is a vdhgxible command that enables
usersto implementprocessing thats difficult or impossibleto

express in SQL. An interesting feature is that the process co
mand can returmmultiple rows per input row, which is highly

desirable in some applications acah be used to provide untes
ing capabilitiesFor insance, a process command could be tised
break annput search string into a serieswords and return one
row for eachof these wordspossiblywith some additional infie
mation encoded in other columri&ubsequentommands can then
performfurtheranalysis ofindividual wordk.

342 Reduce

REDUCE [ <input> [PRESORT column [ ASC]|
ONgrouping _col umn [, ¢é]

USING <Reducer> [ (args) ]

[PRODUCE col umn [, €]

[WHERE <predicate> ]
[ HAVING <predicate

The reducecommand takes as input a rowdbat has been
grouped on the grouping columispecified in the ON clause
processes each group, and outputs zero, oneutiiple rows per
group.Input groups are guaranteed to be complete, that is, contain
all rows of the groupThe Reducefunction is called once per

>]

group.
Some reducers may requitee rows within each group be
sortedon specificcolumns. This can bachieved withthe presort
clause.The execution plan generated by SCOPE ensures that the
input is sorted as requestguhssiblyby sorting the input expliti

ly if not done before. Isaves users from having to sort the input



inside the reduar. The producewhere, anchaving clauses have  E = EXTRACT query

the same function as in the process command. FROM @@logfile@@
. ) USING LogExtractor ;
Figure4 shows an example reducer that simply counts the number

. . . ’ EXPORT
of rows. The reducer retns rows witha string value in the first  2'_ op| g1 query, COUNT () AS count
column and its count in the second coluf®me could implement FROM E
a more sophisticated redudbiat sums up counts and returns the GROUP BY query

percentage of occurrences of each distinct word in the group. The HAVING count > @ @mincount@@;
reducer frameworksiflexible enough to handle suatomplex This script invokes the MyView script twicence to extract data

aggregates. from a query log for January and once fd¥ebruaryquery log. It
3.4.3 Combine then computes how the frequency of popular queries has changed
COMBINE <input1> [AS <aliasl > [ PRESORT ¢] from January to February.

WITH<input 2>[AS<a|ia52 >] [PRESORT é] Ql = | MPORT ﬁMyVI ew. scri ptO
ON <equality_predicate> PARAMS logfile=0Queries_Jan.logod,
USING <Combiner> [ (args) ] limit=1000
PRODUCE column [, ¢é] " ) ) .
[HAVING <expression> | Q2 = | MPORT nMyVl ew. scri pto

. . . PARAMS |l ogfile=0Queries_Feb.logbo,

COMBINE is a binary opetar that takes two input rowsets limit=1000 ;
combines them in some way, and outpuseguence of rows he .

. . ; JQ = SELECT Q1. , Q2. t  -Ql t AS diff,
two inputs must be grouped in the same way and thewritéen Q 81'233:% AQS j;ﬁugm Q1.coun '
combiner receives matching groups as input. The comitier Q2.count AS feb_count,
processsthe ows within each matching group in some way to FROM Q1 LEFT QUTER JOIN Q2
produce output rows. Requiring thaputs be grouped and only ON Q1.query == Q2.query
allowing rows from matching groups to be combined enables ORDER BY diff DESC;
partitioning and distributed processing of the inputs. Theinnocentlooking import commands an important and disti

Figure5 shows an implementation of a combiner MultiSet®iff ~ guishing feature of SCOPE.dtovides several importatiendits:
rence that computes the difference between two multisets (usingt enables modularity and infortian hiding; it provides a re-
SQL semantics). Suppose we have two multisets S1 and S2 wittehanism for users to share rebke code; and itan be usedo
columns A, B, ad C. To compute the difference between S1 and restrictaccess to sertsie data by only allowing accessrough
S2, invoke the combiner as follows: provided scripts

COMBINE S1 WITH S2 4. SCOPE Executon

ON S1.A==S2.A AND S1.B==S2.B AND S1.C==52.C In this section, we describe how a SCOPE script is compiled,
USING MultiSetDifference timized d ted and sh int fi diff t
PRODUCEA, B, C optimized, and executed and show interactions among differen

components.

3.5 |mP0rt'ng_ Scripts We use the QCount query from Sectibms a running example

As described earlier, SCOPE allows tetputof a command 10 he script is repeated below. The query first extractsstech

be assigned a name. Namedtputscan bereferenced, possibly  query string from each log record by using one of the standard
multiple times, by other commandsithin the script. This is  ScOPE extractors. It then counts the bemof occurrences of
equivalent o t he concept of AvVirtuadyh g¥ely@ai¥Setuind fregueily W¥dH &&yRordd (odeclirE Mbre

is a named SQL expression that can be referenceheirsame  han 1000 times) in descending order on the count. The result is
way as a table and a reference to a view is resolved by substltutlngina”y output as a Cosmos file.

the reference with the view definition (similar to macro expa
( P SELECT query, COUNT() AS count

sion). FROM "search.log"
SCOPE introduces an IMPORT command to extend view fomncti USING LogExtractor
nality across scripts. GROUP BY query

. . HAVING count > 1000
IMPORT <script_file> ORDER BY count DESC:
[ PARMS <par name>= <value> [, é]] '

. . o OUTPUT TO "gcount. result ";
The import commandeads irnthe contents of theamed script file ] ] . ) ) )
(at compile time). In the process, parameter referenceseare r The SCOPE script for thlS_query IS ql_JItt_a simple. The script goes
placed by the values provided. This is actually more powerful through the SCOPE compiler and optimizer to generate a parallel

than SQL6s view nleviewsacannos bparb e ¢ £FYUON pagywhich is then executed ondtuster.

meterized. 4.1 SCOPE Compilation

Example 4: Suppose the filélyView.script contains the follw- The SCOPE compiler parses the script, checks the syntax, and

ing script that extract query strings from a log file, computes the resolves names. It tracks all column definitions and renaming. For

frequency of each query, and retains those with a frequendy grea each command in the script, the compiler checks that all the co

er than a specified limit. Pameters are identified by being-e umns have been properly defined bg inputs. The result of the

closed by f@@0. The keyword Eopl&QieTis an dheemal pafsé geg. SCOPE has ansaptlort to

returned by the script. translate the parsed tree directly to a physical execution plan using
default plans for each command.



A physical execution plan is, in essence, a specificationosf C 1. Extract The input file consists of multiple file extentssdi
mos job The job describes a data flow DAG where each vertex is tributed across many machines in the cluster. Multiple e
a program and each edge represents a data channel. A vertex pr tractors run in parallel, each one reading part of the file.
gram is a serial program composed from SCOPE runtime physical2. Partial aggregation In this stage, partial aggregation {3 a

operators, which may in turn call usdgfined functions. All plied at the rack level. That is, data from extractors running
operatorswithin a vertex program are executed in a pipelined on machines within the same rack is-pggregated toer
fashion, much like the query execution in a traditional database duce data volume. This exploits knowledge about network
system. topology of the cluster. Pl aggregation can be done either

using sorting or hashing and, in this case, it can be applied
multiple times, either on a single extent or on groupsxef e

tents.

Distribute The result from the previous stage is partitioned

on the groupiag Thismbriigger wnl
aggregated) rows with the same query string into the same

The job manager constructs the specified graph and schedules the
execution. A vertex becomes runnable when its inputseaayr

The execution environment keeps track of the state of vertices and
channels, schedules runnable vertices for execution, decide
where to run a vertex, sets up the resources needed to run a vertex,
and finally starts the vertex program.

o ] ) ) partition.
The transldbn into an execution plan is performed by traversing 4. Fyll aggregation Each partition can safely calculate the final
the parse tree bottonp. For each operator, SCOPE has default aggregation in parallel, again either by sorting or hashing.
implementation rules. For example, implementation cfiraple 5. Filter: The fully aggregatedows are then filtered in parallel

flteringoper ation is a vertex-mrogr gdanidwiwint coantlEsSthah $000ksWibchréied.
physical operaor fif il tero provided W tdbrt The rdmbifing folvsare softell Bylcount ifgarallel.
ments the filtering predicate. 7. Merge The sorted results from all partitions are merged
Following the translation, the SCOPE compiler combines adjacent together on a single machine, producing the finalltes
vertices with physical operators that can be easily pipelined into 8. Output The final result is output as a Cosmos file.

(super) vertices. There are four relationshigetween any two

adjacent verticesi:1, 1:n, n:1, andn:m. One of the heuristics Search.log

used by SCOPE is to combine two vertlces with relationship.
For exampl e, if a Afilterd i s fsedesl o]l wed Dbly a fAforto SCOPE <co

bines the two operators into a single (super)aveand executes

ifiltero+osorto in a pipelined f ds [(Bxract] .. (Bxtract]  [(Extract) .. (Extract]
4.2 SCOPE Optimization o ol

The SCOPE compiler may invoke the optimizer to find a better 2
plan for complex queries. We give a high level overview of the 3 Dlsmbute D|str|bute

optimizeri further details will be reported in a sepia paper.
The SCOPE optimizer is a transformatioased optimizer based

on the Cascades framewdig. Conceptually, the optimizer gen 4 Full Agg
rates all possible rewnitgs of a query expression and chooses the 5 [ Filter j [ Filter ) [ Filter j
one with the lowest estimated cost. Rewritings are generated by 6 [ - ) [ - ) [ Sort ]
applying local transformation rules on query subexpressions, pr

ducing substitute expressions logically equivalent to the original
subexpression.

Many of the traditional optimization rules from database systems
are clearly applicable also in this new context, for examgle, r
moving unnecessary columns, pushing down selection predicates,
and preaggregating when possible. However, the highly distr
buted execution environment offers new opportunities and-cha
lenges, making it necessary to explicitly consider the effects of Figure 6: Execution Plan for QCount Query

largescale parallelism during optimization. For example, ghoo

ing the right partition scheme and deciding when to partition are The execution plan is submitted to Cosmos execution amviro
crucid for finding an optimal plan. It is also important to correctly ment which prepares all necessary resources and schedules its
reason about partitioning, grouping, and sorting properties, andexecution. As mentioned earlier, the Job Manager monitors
their interaction, to avoid unnecessary computations. progress of all executing verticdzailing vertices are rexecuted

4.3 Example Query Plan a limited number of times and if there are too many failures, the

. job is terminated.
We now show the query execution plan used by SCOREHe
QCount queryThe extents of thenput file are distributed over 4.4 Runtime Optimization
many machines.For this query, a good strategy is to split the Accurate information is not always available at compile time.
aggregation into multiple layers of partial (local) aggregation Therefore, some decisions are better left to run time when add
followed by a full (global) aggregation. tional information is availalkel We briefly describe some optim
zations applied at run time.

The plan consts of eight stages, as shownrFigure6.



A large cluster typically has hierarchically structured network. For LINEITEM = _

example, each rack of machines miagve its own dedicated EXTRACT |_quantity:double,

switch and the perack switches are then connected to a single |_extendedprice:double,
. . . G |_discount:double,

common switch. In this architecture, it is important to notreve -

. . |_tax:double, |_returnflag,
load the common switch and use the-prk switches as much as linestatus, |_shipdate
possible. In the Cosmos execution environment, the scheduler FROM "filesystem :/iineitem.tbl"
tries hard to schedule vertices to execute on the same machine as USING Linei temExtractor;
ther input data or at least within the same rack as the datk- Ma
ing such scheduling decisions at optimization time is difficult 1/ Mai
because completion times for different vertices are hard to predict.RES""U‘Lq.ufry

As mentioned earlier, partial aggregation in Stage 3 caapbe SELECT |_returnflag, |_linestatus,
plied multiple times at different levels without changing the co SUM(I_guantity) AS sum_qty, _
rectness of the program. Given that partial aggregation reduces the ~ SUM(l_extendedprice) AS sum_base_price,

o U
input data size, it makes sense to aggregate the inputs within the Suﬁﬂﬁxéisinge?i’égce (.0 |_discount)) AS

same rack bfefore sending them out, thereby reduc@\ybrall . SUM(I_extendedprice*(1.0 -1 _discount)*
network traffic between racks. The scheduler also has grouping (1.0+|_tax)) AS sum_charge,
heuristics to ensure that each vertex has not more than anset nu AVG(l_quantity) AS avg_qty,
ber of inputs, or a set volume of input data, in order to avoid ove AVG(l_extendedprice) AS avg_price,
loading the I/O system or the vertex. AVG(l_discount) AS avg_disc,
COUNT(*) AS count_orde  r
5. EXPERIMENTAL EVALUATION FROM lineite  m

GROUP BY I_returnflag, |_linestatus

PEi for a wide vari f lications insi cr
SCOPEIs used for a wide variety of applications inside Mic ORDER BY I_returnflag, |_linestatus;

soft, including complex relational queries and lasgale data
mining applications. SCOPE is highly extensible in that users can

easily create customized extrastoproessos, reducers and I/ output result

combinersby extending corresponding buiit components. This ~ OUTPUTRESULT TO "tpchQ1.tbl";

provides powerful extensions to the scripting language. The script looks very much like a SQL query except that both the

In this section, we show that some complex database OLAP qu input and the output are Cosmos files. As describeéigare 2,

ries can be executed on a large using SCOPE. Itrdhest fle- the function ALineitemExtractoro

ibility of the SCOPE language and some fairly complex execution all necessary columrand convert them to the desired typ®r
plans. We also run the experiments on clusters with different sizesbetter efficiency, the local filter on |_shipdate Hasen pushed
and demonstrate the scalability of the system. into the extractor.

5.1 Experimental Setup The final execution plan is similar to the one for QCount query in
All experiments were run on a small test cluster of 84 machines, S€Ction4. The plan exploits both partial and full aggregatiard a
Each machine has two du@dre Xeon processors running at applies partial aggregation as early as possible to reduce the data
2GHz 8 GB of DRAM. andour 500GB SATA disks. All ma- size. All the machines in the cluster participate in extracting data

chines run Windows Server 2003 Enterprise X64 Edition SP1. ffo”? _the Iingitem file. During exec_u_tion, the intermediate_resglt is
partitioned into many small partitions so thedch machine is

TPCH is a weltknowndata warehouse benchmark. It consists of pysy working on some partitions. The final results are merged and
a suite of business oriented-dc queriesWe generated three  gutput as a Cosmos file.

TPGH databases with scale factors 10 (10GB), 100 (100GB), and

1000 (1TB). The raw database files were stored as Cosmos files ir2-2.2 TPGH Query 2

the cluster. Data istored a text; each line contains a single row The previous example showed a SCOPE script written asia trad
with columns separated thed el i mi t er 6] 6. WionakSQk blacke §CORE, adse aceepts scripts written in a step

extractors in C# for different database files in order to extract Wise fashion where each step performs one or a $emall opea-
necessary columns. tions like filter, join, groupby, etc. We can implement TR&

ry2in h a way.
5.2 TPC-H Queries Query nsnehaway.
All of the 22 queries can be executed usit@OPE. For some Query_2 finds W.h'Ch s_uppller .ShOU|d be selected t_o _plf'ace an order
complex queries, SCOPE generates fairly sophisticated parallelfor agiven part in a given region. It contains muldy joins, an
execution plans. Due to space limitation, we use Query 1 and 2 asaggregatlon, and a subquery. The script is listed below.
examples to illustrate the implementation details. We focus on the// Here are all the extracts that we need.
flexibility of the SCOPE language and demoatt complex but /(L ocalfilters have been pushed into

efficient execution plans. I the extractors )
REGION =
5.2.1 TPGH Query 1 EXTRACT r_regionkey, r_name

Query 1 reports the amount of business that was billed, shipped, FROM "region.tbl"

and returned. It provides multiple aggregated results over the line ~ USING RegionE xtractor;

item table. We list the SCOPE script below. NATION =

EXTRACT n_nationkey, n_name, n_regionkey
FROM "nation.tbl"

USING NationExtractor;

/I Extract lineitem
/1 (Thel ocal filter has been pushed i nto
1 LineitemExtractor )



SUPPLIER = overview of the execution plan. Both the join result, shown as

EXTRACT s_suppkey,s_name, s_address, RNSPS_JOINin the figure and the result of the supplier extractor
s_nationkey , s_phone, s_acctbal, s_commen are used twice

FROM "supplier.tbl"

USING Sup plierExtractor; The plan achiexemaximum degree ofgrallelism by utilizing all
PARTSUPP= the machines to extract source table files and partitioning large
EXTRACT ps_partkey, ps_suppkey, ps_supplycost input data sets so that each machine is busy with computation.

FROM "partsupp.tbl" . ) .

USING PartSuppExtractor; region.tbl nation.tbl  supplier.tbl part.tbl partsupp.tbl
PART =

EXTRACT p_partkey, p_mfgr

ESlr\;l\?G’\/g::"gEtt))(ltractor' Extractj [Extractj (Extract) [Extract] [Extract

/I Join region, nation, and, supplier
1 (Retain only the key of supplier)
RNS_JOIN =
SELECT s_suppkey, n_name
FROM region, nation, supplier
WHERE r_regionkey == n_regionkey
AND n_nationkey == s_nationkey;

/I Now joi nin part and partsupp

RNSPS_JOIN =
SELECT p_par tkey, ps_supplycost,
ps_suppkey, p_mfgr, n_name
FROM part , partsupp , rns_join
WHERE p_partkey == ps_partkey
AND s_suppkey == ps_suppkey;

/I Finish subquery so we get the min cost s
SUBQ=
SELECT p_partkey AS subq_partkey, &— tpchQ2.thl
MIN(ps_supplycost) AS min_cost
FROM rnsps_join Figure 7: Overall Execution Plan for TPC-H Query 2

GROUP BY p_partkey;
We drill into the dashed part figure7 and show theletails of

/' Fini sh computation of main query the subplan ifrigure8. For presentation purposes, the plan shown
/I (Join with subquery and join with supplier uses a degree of parallelism of
1 again to get the required output columns ) parallelism dependsnoseveral factors including the number of
RESULT = machines available, the amount of data processed, etc.
SELECT s_acctbal, s_name, p_partkey,
p_mfgr, S_addreSS, S_phone’ s_comment We work through the Subplan by Stages
mg}g’g:‘;ps—lg?kés_'@ SSUtS)?JbAS Sgr'tlfgpp“er AS's 1. Join: The join predica of this stage is s_suppkey ==
AND Io.'ggpsupplillcost g': mig_gost y ps_suppl_@y. Before this stage, both inputs of the join _have
AND lo.ps_suppkey == s.s_suppkey beenp_artltloned by s_suppkey anq ps_su_p_pkey, respectively.
ORDER BY acctbal DESC, ~ n_name, s_name, partkey: Each join vertex takes two matching partitions and generates
the local join result.
I output result 2. Partial aggregation In this stage, partial aggregation is-a
OUTPUTRESULT TO " tpchQ2.thl"  ; plied to the local join results at the rack level.

Distribute: Each local aggregated result is partitioned on the
groupby column, p_partkey.

Full aggregation Each partition can safely calculate the final
aggregation in parallel. This groups all (partially aggregated)
rows with the same p_partkey into thensapartition.

Distribute The fully aggregated result is partitioned by the
next join column, subg_partkey, in parallel.

Merge Each vertex merges corresponding partitions inlpara
lel in order to prepare a join partition for one join input.
Distribute In this stage, the same join resultRMSPS_JOIN

is partitioned by the next join column, p_partkey, in parallel.
The complete execution plan generated by SCOPE is faifly s 8. Merge Each vertex merges corresponding partitions inlpara
phisticated. Instead of shavg every detail Figure 7 shows an lel in order to prepare a join partition for the other join input.

For this complex query, the SCOPE implementation is quite si

ple, requiring only a few dozens of lines of code. The subquery of
the original SQL query is rewritten as an efpin in the script.

We extract all necessary columns from five source table files,
using customized extractors (not shown, due to space limitation).
All local filters have been pushed into the corresponding extra
tors. The join result of the five tableRNSPS_JaN, is first used

to calculate the minimal supply cost per part, which is then joined
with the join resulRNSPS_JOIN andsupplier table to retrieve all 4
output columns.
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Figure 8: Sub Execution Plan for TPGH Query 2

9. Join: The matching partitions from both inputs are joined in 9 which uses a log scale on the axis of performance, ratiery

parallel. The join results are consumed by the following-sta
es,also in parallel.

5.3 Scalability

In this section, we show how query performance scaleschith

ters with different sizes and databases with different scale factors,

respectively.We report performance trends rather thactual
elapsed times.

Figure 9: Query Performance with Different Cluster Sizes

In the first experimentwe ran both Q1 and Q2 against theB
TPGH databaseWe changed the cluster size by limititige
number of machines used for query executidfe use query
elapsed times of Q1 and Q@& a cluster of 20 machines as base
lines, respectivelyand show performance ratio (elapsed time /
base line) for different cluster configurations. gk®own inFigure

11

performancdor both queries scaddinearly with clustersize.

Figure 10: Query Performance with Different Database
Sizes

In the second experiment, we ran both queries on the full cluster
but againstatabases different sizes. We use the elapsed times
of Q1 and Q2 against the 10GB Tdatabase abebase lines.

In fact, when querying against the 10GB database, since the data
file is relatively small, not all the machines on the cluster dre ut
lized. Nevertheless, as shownRigure10, query performancor

both queries scaddinearly with input size.

6. RELATED WORK

SCOPEis heavily influenced by SQL but its target applications
and execution environment differ from traditional database sy
tems. SCOPE iglesigned for easy and efficieptocessingof
massive amounts of data stored in distributed, sequential ifiles



