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Abstract. Modern data analysis has given birth to numerousuming
constructs and programming paradigms, way beyoadr#ditional group by.
Applications such as data warehousing, web logyailstreams monitoring
and social networks understanding necessitatedsshef data cubes, grouping
variables, windows and MapReduce. In this paperevew the associated set
(ASSET) concept and discuss its applicability ithomontinuous and traditional
data settings. Given a set of values B, an assutiaét over B is just a
collection of annotated data multisets, one forhebeB. The goal is to
efficiently compute aggregates over these data 8et&ASSET query consists
of repeated definitions of associated sets andeggges of these, possibly
correlated, resembling a spreadsheet document. ‘lgéew systems
implementing ASSET queries both in continuous aedsigtent contexts and
argue for associated sets’ analytical abilities epiiimization opportunities.
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1 Introduction

Today’s complex world requires state-of-the-aredatalysis over truly massive data
sets. These data sets can be stored persistentlgtabases (possibly of different

vendors) or flat files, or can be generated at-tiea¢ in a continuous, transient

manner. Being able to easily express and effigrenthluate integrated analytics over
heterogeneous data sources is a major challerdggarmanagement. In this paper we
present the concept of associated set and revielg to express and engines to
evaluate queries involving associated sets.

The ability to loop over the values of a domain padorm a task for each value is
the main construct in programming languages angriésence leads to very strong
theoretical results. Most database instructorsagmjphitially the basic SQL statement
(select..from..where) by using the procedural madeliteration. An associated set is
simply a set of potential subsets of a data soBrame for each value b of a domain
B, i.e. {S: be B}. An associated set instance (wlog often justethhssociated set) is
a set of actual subsets of S. In our frameworksBRisually a relation (the base
relation), the data source S can be anything withlational interface and an iterator



defined over it, and is a defining condition that constraints (creatbg)associated

set instances. We claim that this simple approéah:generalizes most grouping
analytics in existence today, (b) separates thegioglal concept from the analysis
(grouping) concept — two different things accordiagour view, (c) can lead to rich
optimization frameworks, and (d) provides a forraid semi-declarative) base for
MapReduce — which, in essence, depicts a simita.ior example, given a relation
B of all 2009’s dates, the associated set (insfafe={s in Sales, such that

Sales.date<=b and Sales.year=20033Bb could be used to compute the daily
cumulative sales of 2009. Note that an associaethstance is just a collection of
multisets. Although aggregation is a separate m®csignificant optimization can

take place for the built-in aggregate functions.

An ASSET query consists of the computation of onenore associated sets,
recursively defined: starting from a base tabjgaBsociated set (i+1) uses as its base
table the base table of associated set i extengeéts laggregates. We argue that a
significant class of data analysis queries (esflgcizontinuous) can be easily
represented and efficiently evaluated through fbisalism. One can think this
repeated, successive nature of query formulatiangseadsheet document, where a
column (cell) uses previously defined columns &efbr its specification. In our
view, ASSET queries can be useful in:

(a) incorporating heterogeneous data sources. the data source of an associated set
can be anything with a relational iterator defire@r it — different database
vendors, flat files, even the output of the quesfirted so far.

(b) distributed OLAP computation: if the data source of an associated set is
distributed to more than one nodes, the subsetdtiom process can be easily
distributed to these nodes — that does not meantlieaassociated set is
materialized.

(c) performance: since we can not apply traditional relational opgation over
the data sources, we shift/replicate the optimaratprocess (indexing,
decorrelation, specialized join algorithms, disitéd computation) to the data
structure representing the ASSET query answer €hwban always be made
memory resident.

While a complete theoretical framework is essentigdarticularly for reasons
described in Section 6 — we have so far focusetuwling tools and systems to
support ASSET queries. We review these prototypgspioviding motivating
examples, architectural design and optimizatiohneues implemented. An ASSET
query can be formulated via an extended SQL syotaa spreadsheet-like GUI,
called DataMingler. Its intermediate representatigtML-based) is fed to the
COSTES system (Section 4), if the query involvagtiomious sources, or the ASSET
Query Engine (Section 5), if the query involvessigent sources (Fig. 1) Although
these two systems have been developed in parafiél kept distinct, we are
investigating a common query processor for ASSEdrigs.

2 Grouping Analysis: A Retrospective

The need of complex data analysis involving agdiegaver groups of data became
apparent since the conception of database manageystems. While thgroup by



clause was sufficient at the beginning, the dawnef applications in the last ten
years, such as web analysis, social networks, rstrezonitoring and others,
necessitated advanced grouping constructs (cubmgpigg variables, windows) and
novel programming paradigms such as MapReduce.
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Fig. 1. Expressing and processing ASSET queries

2.1 Group By

Grouping was the first approach in database thémrgupport data analysis: the
relation ispartitioned based on one or more attributes and column-baggregates
are computed over each partition. Modeled as dioekd operator (e.g. [1]), with
multiple implementation algorithms (e.g. [2]), imporated in query optimization
(e.g. [3], [4]) and with a simple SQL syntax, itdaene an essential part of any
DBMS. For complex analytics, users have to relynouitiple view definitions or
nested queries. Usually, most commercial systeragopmance break in queries
representing trends, correlations or hierarchiggregation. According to our view,
group by, by following an ad-hoc approach to itéirdgon, failed to separate the
subset formation and the aggregation phase asistinal processes. However, had it
been modeled in a more generic way at that earlgtpd would have lost its
simplicity and thus, its wide acceptance.

2.2 Cubes

With the rise of data warehousing and OLAP [5] cdaheeneed of multi-dimensional
analysis, i.e. aggregations over multiple comboratiof group by attributes. While
traditional group by could be used to express aatbiate multidimensional analysis,
there were significant linguistic and implementatioenefits in introducing a new
grouping construct, called cube [6], which compwtasaggregate over all possible
subsets of an attribute set. Tdube by clause, an SQL syntactic sugaring extension,



made it easier for users and allowed the optimipemuse efficient evaluation
algorithms [7], [8] to compute the cube — mainlydwerlapping computation. While
a major breakthrough, it lacked — according toapinion — the aspect of separating
the base values definition and the subset formationess as two distinct phases. For
example, one may want to provide an ad-hoc setafgby attribute combinations
and not the entire powerset, or compute multiplgreggations constrained by
different conditions for the same group by attributes (1.

2.3 Grouping Variables and the MD-Join

Grouping variables [10] is the predecessor of daset sets and was an attempt to
define multiple subsets, possibly overlapping aoedated, and perform aggregation
over them. The work on grouping variables has arited at least one commercial
system and the standardization of ANSI SQL — OLARadment. Implementations
of it have been studied in the context of telecqupliaations, medical and bio-
informatics, finance and others [11]. Its deficigmaas the insistence on the group by
concept: formed subsets were tied to a group (ssllode group) instead to a value.
[12], [13] identified this and allowed subsets fatmon over the entire relation, but
still the proposed SQL syntax was based on the pgtmu syntax. The MD-Join
operator [14], [15] modeled grouping variablesétational algebra and was one of
the first aggregate-join operators: there was afbase values B (a table, the base-
values table), a detailed relation R and a comulilithat was selecting subsets of R,
assigned to a value of B. Aggregation of these eisbsas coming next. The main
claim of [14] was that we should separate the babdges definition phase and the
aggregation phase for expressivity and efficienegsons. Using MD-Join, many
well-known algorithms [8] could be modeled throwggebraic transformation rules
proposed in that paper. The whole idea resemblegugar join [16]. It seems that
outer joins are important in modern data analysig apreadsheets are quite
appropriate to express multiple outer-joins, placed next to the other.

2.4 Windows

SQL/OLAP Amendment introduced certain new featimeSQL language to support
on-line analytical processing. One of the significaxtensions is the ability to define
windows over rows. A window enables users to deiggrthe set of rows over which
calculations can be performed with respect to tireent selected row. In detail, in a
window clause declaration we can define: the attalist used for partitioning, the
ordering of rows within partitions and an aggregatgroup. The aggregation group
specifies which rows of each partition, with redpée the current row under
examination, should participate in the evaluatiérdeclared aggregate functions.
While the idea of an associated set is presemtEmindow construct, the contents of
each set is predefined and thus, limited.

The window construct has been also used in dagarstprocessing [17]. Due to
the infinite nature of data streams we are intetksnly in a subset of the complete
stream. Windows can limit the unbounded size cdita dtream by defining a logical



or physical window over stream data. Stream data fh and out of the defined
window and functions computed continually over vandiransient data.

2.5 MapReduce

MapReduce [18] is one of the most active researeasaduring the last few years. It's
a programming paradigm, consisting of two phasesdeted as functions: the
mapping phase, where a set of values is deriveth &ssociated with a list of values,
and the reduce phase, where each list is reducedrbg ad hoc aggregation method.
The approach is similar to MD-Join and groupingiaales. In fact, the distributed
processing described of [18] is given relationally[14] — but in the context of
relations and not arbitrary data sources.

The claim of MapReduce is that with appropriatefigamation of the Map and
Reduce functions, a large number of computatioasits can be easily represented
and efficiently executed. While this approach dffsignificant procedural flexibility
over declarative approaches and employs a simpigatational model, it lacks the
optimizability and ease of use of modern databastems [19],[20]. While we
completely agree with these claims, the abilityaop over the values of a domain
and define an (associated) data set for each valgeite appealing both in terms of
representation and evaluation. The goal is to lalathe trade-offs between
declarative optimizability and procedural flexibjlin a database-proper way, such as
in [21] and [22]. The trick in our case is to “nést’ the Map function to have a
declarative nature while the Reduce function caarpghing.

3 Associated Sets (ASSET) Queries

Based on the discussion of Sectiora2iata analysis consists of three processes: (a)
the definition of a set of base values B, (b) thec#fication of a collection A of
subsets of a data source, one for each value ah@(c) the aggregation method to
apply on each member of A. If B is a relation, tivem have something similar to
nested relational models [23] or set-valued attabyi24].

3.1 Definitions

We want to define a collection of data sets, wheaeh member of the collection is
annotated by a tuple of a relation B, i.e,,{I& B}. These sets are populated by a data
source S. Formally,

Definition 3.1. Given a relation B and a data source S with refati schems,
then any set A = {$ beB, S a multiset of tuples having schenghis called an
associated set (instance) with schemas{B,B is called the base relation of A and S
the data source of Al

This definition is appropriate for both transiemidapersistent data sources.
However, if the data source is persistent, themveg use a conditiofi involving
attributes of B and S to define a specific assediaet instance.



Definition 3.2 Given a relation B andfaite data source S with relational schema
S and a conditior involving attributes of B and S, then the assadatet A = {&:
beB, S a subset of S such thégh,s) is truevse S} is called the associated set
(instance) with respect to S atdB is called the base relation of A, S the datas®
of A and0 the defining condition of A

We can use a conditiof over infinite data sources (and we do in COSTES),
however the members of an associated set A amaowbtonically increasing during
evaluation, as in finite data sources.

Definition 3.1 cleanly separates the base valuaswe use to form the subsets,
subset formation and subsequent aggregation.

3.2 SQL Syntax

We follow the formalism of grouping variables ir3[1 The idea is quite simple:
we want a syntax that allows the addition of “ektralumns to the resulting table of
an SQL query — similar to an outer-join operatidfe propose aneéxtended by "
clause to declare the associated sets and theieaidge data sources and suth
that " clause to provide their defining conditions. Teetauses immediately follow

a <select..from..where..group by> query. The proposed syntax is as
follows:

select A from R where © group by A’

extended by A 1(8 l): A 2(8 2), ey A n(S n)

such that 61, 6o, ..., On

The selection list A may contain aggregate functidefined over the associated sets
Aq, Ay, ..., A. The answer of theselect..from..where..group by> SQL
query serves as the base-values table. Conditiamvolves attributes of the base-
values table, constants and aggregates of assbcet® A, ...,Ai.1, i=1,...n.

3.3 DataMingler: A Spreadsheet-Like GUI

While an SQL extension is a mandate to our SQLftenhiverse, spreadsheet-like
query tools have been praised for their simplieityl flexibility [25], [26], [27]. We
consider spreadsheet-like formulations particulaggful to express ASSET queries.
An associated set uses the already defined spreetdah its base table, its defining
condition involves columns of the spreadsheet Ardassociated set’s data source —
resembling a spreadsheet formula — and its aggredmcome new columns of the
spreadsheet. By doing this recursively, into a Isingble, users can build very
powerful reports, sometimes closer to programserathan traditional database
queries (e.g. we can use ASSET queries for datanod@tion in financial
applications.) For continuous queries, given thatdata source of an associated set
can be the spreadsheet itself, dependencies betagseniated sets dictate the order
of update of the ASSET structure.

We have developed a spreadsheet-like GUI, calladNdagler, to manage data
sources, user-defined aggregate functions and AS§H@&ries. It has been



implemented in C++ code using the Qt4 C++ librargnf Trolltech (platform
independent).

Data Source Management: An ASSET query may use heterogeneous and
possibly multi-partitioned data sources. These cegsimay refer to local or remote
databases, data streams or flat files and mutlyfise appropriately defined through
DataMingler. Each description consists of the sesrschema and a number of
attributes specific to the type of the source (dajimiter and location for flat files;
IP, port, username and password for databasey Aditdata sources are stored in an
XML-based specification file. Currently, DataMingle support databases
(PostgreSQL, MySQL), flat files and socket-basa@ans. All data sources may
consist of multiple partitions, not necessarilytbé same schema — only common
attributes appear in query formulation. A partition the case of databases/flat
files/data stream is just another table/file/stresmarce, located locally or remotely.
As a resulta data source may consist of multiple tables/fikeetsms distributed to
several processing nodes.

Aggr egate Functions: The goal is to describe the signature of a C+<€tion into
an XML-based dictionary, so some type-checking aser-guidance can take place.
The user specifies the input parameters and thipestand the type of the return
value. S/he also specifies a “gluing” functionlie case of distributed computation
of an associated set (e.g. “sum” is the gluing fiomc for “count”.) Aggregate
functions can be either distributive or algebraimlistic computations can be
achieved through aggregate functions returningetiiee or part of the associated set
and the use of “null” associated sets, describéer)laln the case of algebraic
aggregate functions, the user must specify thehmedodistributive functions, the
correspondence between the parameters and thizéitiah code (in C++).

ASSET Queries: Users specify ASSET Queries through DataMinglerain
spreadsheet-like manner, column by column. Theingelly specifies a base-values
table that can be an SQL query over one of thebdatasources, the contents of a flat
file source or manually inserted schema and valtibss, the first columns of the
spreadsheet correspond to the base-values tabteitgs. The spreadsheet document
is then extended with columns representing asstisgts, one at a time. The user
specifies the name, source, defining condition aggregate functions of the
associated set. The data source can be (a) ohe ekisting data sources described
earlier through DataMingler, (b) of type “this”, mhich case the so-far defined
spreadsheet table serves as the data sourceassheated set, and (c) of type “null”,
in which case the user specifies an expressioniiimg aggregates of previously
defined columns — similar to a spreadsheet fornmualving only same-row cells.
Associated sets may be correlated, since aggregaterformed over one associated
set may be used by another. This might occur dusperification of the latter’'s
defining condition, its functions’ parameters @& @¢omputation formula in case of
“null” sets.

4 ASSET Queriesand Data Streams (COSTES)

We have used associated sets to express complemwars queries for financial data
analysis [28] and RFID data processing [29]. In fbidowing sections we present



some financial data analysis examples to show thiteom of ASSET continuous
queries. More examples can be found in [28], [29].

4.1 Financial Application Motivating Examples

Real time financial data analysis provides the mearorganizations to make faster
trading transactions and monitor transaction’sqgrerince. As an example, consider
a financial application with the following schema:

Stocks(stockID, categorylD, description)

and the presence of data streams reporting coffifiratack ticks and stock’s trading
volume:
Prices(stocklID, timestamp, price)
Volumes(stockID, volume, timestamp)

Financial analysts may register the following contius queries to monitor stock
activity:

Q1. Monitor for each stock the minimum, maximum awverage price that has
been seen so far. With this query we can detearsefluctuations of a
stock’s performance at real time.

Q2. We want for each stock to continuously know mhie average price of the
last 10 reported prices is greater than its runaerage price. In that case, a
“True” value should appear next to the stock idieotvise a “False” is
displayed. This query can be used to alert anafgstshot” periods of a
stock.

Q3. In many occasions it is useful to express tated aggregation [10], [30] in
the context of data streams, i.e. use a continyoaighregated value to
constraint a subset of stream data. We may beesttesat in monitoring the
running total volume of each stock, but summatiboutd take place only
when the average price of the last 10 reportedepris greater than the
running average price of the stock. Then, we wardantrast this with the
(regular) running total volume. This query can shperiods of time of
increased volume traffic.

Fig. 2 shows ASSET queries formulation and instangethe results. In Q1, we
define for each stockID an ordered sequence (¥césed set) to keep the reported
prices that have been seen so far and then cortimitein, max and average price
over it. This is a running window in stream litena, however the idea is to
declaratively define the set to keep the streartetuand let the optimizer choose the
most appropriate data structure for implementat&imilarly in Q2, we define two
associated sets using the stock IDs as the balse ¥abnd Y, X to store the reported
prices since the registration of the query and ‘$ttwes the last 10 prices, using the
size() function in the defining condition of Y. Nothat Q1 and Q2 do not use the
size() function for associated set X. In this case weimssthat we have an infinite



associated set per stocklD and compute the maxiemdraverage over it. Finally in

Q3 we take a similar approach as in Q1 but we caimsthe Z associated set, using
aggregates of associated sets X and Y. If the geepaice of associated set Y is
greater than the average price of associated seé¥ppend Volume's tuple to Z. In

all examples, the evaluation approach is similar, éach stock we keep the
price/volume values and compute the specified agdeefunctions. For example in

Q2 the evaluation algorithm is presented below:

for each stockID s in Stocks {
X s ={vin Prices: v.stockIlD == s};
Y s ={vin Prices: v.stocklD == s and Y.size(10)};
compute (Y.avg(price)>X.avg(price));

}

The initial idea of COSTES was to express spreaddiie reports, where
previously defined columns may constrain later oole. These columns are
aggregates of associated sets. We claimed in f2@]using this framework, one can
express many practical continuous queries, whicke iieeen given little attention so
far. In addition, there are numerous implementatibaices for the optimizer: most
appropriate data structures to represent the agsdcgets; indexing methods over
these associated sets; overlapping associatedFse#dly, the addition/deletion of

associated sets should take place during runtimesd& ideas have been implemented
in COSTES.

H stocklD | min_price| max_price| avg_price
select stockID, X.min(price) as min_price, MSFT 2912 2931 29.15
X.max{price) as max_price, ORCL | 19.12 19.19 19.17
X.avg(price) as avg_price BAC | 5448 | 5481 5467
from Stocks
extended by X(Prices)
such that X.stockID = stockID oM 535 wE 355
Q2: stockID Flag
select stockID, (Y.avg(price)»X.avg(price)) as Flag MSFT|  True
from Stocks ORCL|  False
extended by X(Prices), Y(Prices) BAC False
such that X.stockID = stockID, i
¥Y.stockID = stockID and Y.size() = 10
GM True
a3: y volume_10/sum_volume
select stockID, Z.sum(volume) as sum_volume_10, stockID sum_volume >
W.sum(volume) as sum_volume MSF1 29.17 29.28
from Stocks ORCL 19.14 19.17
extended by X{Prices), Y(Prices), Z{volume), W{(Volume) BAC 54.68 5468
such that X.stockID = stockID,
Y.stoctID = stoctID ang Y.sizt(a:()_: %0, (price)
Z.stockID = stockID and Y.avg(price)>X.avg(price), 5 5
W.stockID = stockID M 3542 3576

Fig. 2. ASSET queries and instances of results of qu&isQ2 and Q3.

4.2 COSTES: Continuous Spr eadsheet-like Computations

We have developed a system prototype called CO$Z8Svhich supports ASSET
continuous queries. Fig. 3 depicts COSTES architect
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DataMigler provides a GUI interface to declare ASSEontinuous queries.
DataMigler generates an XML file, which containsiatermediate representation of
the query. Query parser validates query’s syntak grery optimizer analyzes the
query for possible optimizations. Our optimizerydes the following optimizations:

» Build appropriate indexes accordingseh that predicate to quickly locate
rows of the base table and avoid a full scan. kample, in all discussed
gueries we can build a hash index on Stocks.stackID

» Parse theselect andsuch that clauses to keep in corresponding associated
sets only the attributes needed for the evaluatfaggregate functions and
avoid holding all the attributes of stream tuples.

Once the base relation has been computed and loteeakssociated set structures are
initialized and linked to the base relation. Asated sets manager module is

responsible for initializing and maintaining assted sets structures. Scheduler
retrieves tuples from input queues (one for eadh daurce) and forwards them to

query executor for processing. Input queues arallbdnby Data Stream Source

Manager, which supports concurrent data retrienahfvarious data sources i.e. flat

files, databases, network sockets streams and Xidicss. Finally, metadata catalog

contains information such as data source namesyaed, schemas, etc and is used
by other modules during query initialization.

5 ASSET Queriesand Persistent Data Sources (ASSET QE)

We have used ASSET Queries in the context of Oigeid data warehousesVe
claim that the structure of an ASSET query is ugedtionly in expressing a practical
class of OLAP queries, but also in developing dicieht optimization framework for
distributed settings.

1 Part of this research has been done while thedirthor was visiting AsterData Systems.



5.1 Social Networks: A Motivating Example

Assume a social network with a streaming servideere users can post their own
videos and see others’, similar to YouTube, MySparc€oogle Videos. A (part of)
the schema design is shown below:

VideoPageViews (userid, sessionid, videoid, timespe nt,...)
Users (userid, type, age, country, financial, ...)
Videos (videoid, categ, videotype, ownerid, duratio n, ...

In many occasions it is useful to know the domin@mbst frequent) category of
videos each user over 25 watches. An SQL formulatiould be the following:

create view UC (userid, categ, cnt) as

select u.userid, s.categ, count(*)

from VideoPageViews v, Users u, Videos s

where v.userid=u.userid and s.videoid=v.videoid and u.age>25

group by u.userid, s.categ;

select UC.userid, UC.categ
from (select userid, max(cnt) as max_cnt
from UC
group by userid) as G, UC
where UC.userid=G.userid and UC.cnt=G.max_cnt;

While this representation is not particularly difflt, an alternative, semi-
procedural, set-oriented approach, seems mordiito some analysts: for each
user, form the set of all videos she has seen aeg khe videoids; match these
videoids with the corresponding category; find thest frequent element of this set:

for each user u in Users over 25{
X , ={vin VideoPageViews: v.userid == u};
Y . ={vin Videos: v.videoid in X g-all(videoid)};
compute mostOften(Y y-all(cateq)); }

In our extended SQL, this query can be expressed as

select userid, mostOften(Y.categ)
from Users
where age>25
extended by X(VideoPageViews), Y(Videos)
such that X.userid=userid,
Y.videoid in X.all(videoid)

Note that associated sets can have set-valuedgedgee An efficient evaluation of
this query would involve the following steps:

(a) build a hash index on userid on Users

(b) compute associated set X: scan VideoPageViems$ match with the
corresponding userid. Since X’'s aggregate (X.alwid)) will only be used
conjunctively in Y’s defining condition to test méership, it can be kept as
an inverted list (videoids pointing to row numberstead as a data set.

(c) compute associated set Y: scan Videos and hesenverted list to match
Videos tuples with row numbers. The mostOften aggte function is
implemented by keeping (categ, counter) pairs ladbxed on categ.



If VideoPageViews is distributed to several proggssodes, the computation of
associated set X is also simple: send all useddsath node, compute the partial
associated set X and “glue” (union) the partiauhssat the coordinator (a special
node). In other words, we consider that while ASSfti€ries still retain a relational
flavor, a query processor can reason easier onhdistd settings. The goal of an
ASSET query engine is to implement such optimizegiand conclude to an efficient
execution plan as the one described above. Giveardumain-memory sizes and disk
configurations, such evaluation plans are feasible.

Fig. 4 shows ASSET QE performance on this quenying VideoPageViews size
from 100M to 600M records (15GB to 90GB) — all megpartition. We assumed 10M
users and 10K videos. Using standard SQL on P&@@reDBMS did not return any
results for 200M records for at least 2 hours.edperiments performed on a Linux
Dell machine with a Quad Core Intel Xeon CPU @ &H@ having 12 disks, 300GB
each at 15K rpm, RAID5 configuration and 32GB ofimmemory.
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Fig. 4. ASSET QE performance

5.2 ASSET Query Engine (QE)

Once an ASSET query involving persistent data smihas been formulated and
represented as an XML-based document, it is passethe ASSET QE for
optimization, code generation (C++) and executidhe goal is the efficient
computation of the involved associated sets andr thggregates. ASSET QE
performs the following two major steps:

(@) since there may be dependencies between aggbs@s (an associated set’s
aggregate may be used in the defining conditioaggregates of another),
we must first assign associated sets to “processingds”, with no intra-
round dependencies.

(b) each processing round involves several datecesupossibly partitioned to
several processing nodes. We must derive the pétipa associated set
list, and generate an efficient program that compthe associated sets with
respect to the partition. This program can exeaitethe coordinator



(partition’s data transferred over the network)abrthe partition’s host
(aggregates are serialized back to the coordinator)

The architecture of our system is shown in Fig. 5.

Query’s Global
XML
specification

T \

Round-1 XML
specification

Metadata assetGenGlobal
(sourpes, parser
_ rwfunctlonrs/)

ain (Coordinating)
Executable

Round-2 XML

specification specification

Round-k XML ‘

e

- [/ - L
|
v v v

assetGenRound assetGenRound . assetGenRound
parser parser parser
. - h -
Round-1, Source Round-1, Source Round-1, Source \ v

S, XML S, XML

S;, XML
specification

specification
L - .

specification

assetGenBasic| assetGenBasic |, , .| assetGenBasic
parser parser parser
‘ [
Y Y

T
ound-1, Source ound-1, Source) , . . fRound-1, Source
S,, Executable S, Executable S,, Executable

Fig. 5. Parsing and code generation of an ASSET query

assetGenGlobal: This is the top-level parser of the ASSET QE.dtsghe XML-
based specification of an ASSET query and genel@ethe round-related XML
specifications of the query and (b) the main (comting) C++ program for the
query. Each round-related specification contaimesdhata sources’ description of the
round and the associated sets that will be compitet that from this point on, each
partition of a data source becomes a distinctyiddal data source. The query’s main
C++ program, instantiates and populates all thessary data structures, creates all
the local indexes and decorrelation lists overABSET structure and coordinates all
thebasic computational threads (discussed later) executing locally or remotehthe
latter case, it sends parts of the ASSET strudtutiee appropriate nodes and receives
back (and glues together) the computed column(s).

assetGenRound: This is the round-level parser: it groups the aisded sets of the
round by source and generates an XML-based spaiidfic file for each source.



Recall that with the term “source” we mean pamif®f the original data sources. It
determines whether the computation over the sauiltexecute locally or remotely,
deduces the indexes and decorrelation lists oedbaise-values table and resolves the
minimal base-values table that has to be sente¢admote node (in case of remote
computation.) Currently supported indexes are maaps, binary trees and inverted
lists, deduced by the defining condition of theoagsted sets.

assetGenBasic: This is the source-level parser that gets a sespeeific XML-
based specification file and generates an effici@#+ program (a “basic
computational thread”) to scan the data sourcecanmpute the associated sets related
to that source. The basic computational thread conicates with the main program
to receive the round-specific base table (onlyrdwired columns), builds indexes
over and decorrelates the base table, computessueiated sets and serializes the
result back to the coordinating program (if exemgitremotely). The engine also
decides to decorrelate the base table on a sitigleuse with respect to an associated
set (i.e. we may have different decorrelation lietsdifferent associated sets), if the
associated set is using a hash index on that atéeridnd its estimated cardinality is
low (this can be measured while receiving the hakke).

Once all the basic computational threads have lgegerated, then the whole
process is driven by the query’s main C++ progréve. currently assume that the
entire ASSET structure fits in main memory — whighot unrealistic for a large class
of ASSET queries and today’s memory sizes. Howesgerce the entire code
generation assumes boundary limits of the ASSEIC&ire, we can easily specify the
computation of an ASSET query in horizontal churikg, it has to be done manually,
by altering the query’s main C++ program. Fig. @ides the (simple) execution plan
of an ASSET query.
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Fig. 6. Simple evaluation plan of an ASSET query

6 Conclusonsand Future Work

In this paper we presented the concept of assdcigeand briefly presented two
prototypes using associated sets, one in datanstremd one in persistent data
sources. We believe that ASSET queries show proroatld linguistically and



computationally. Little has been done in termshafaretical work though, since the
focus was rapid prototyping. It seems challengiogéwver, because it is a restricted
form of second order predicate logic. In generafeg a relation R, the powerset P of
R, ®=Pow(R) contains all possible subsets of R. Group-bysugjrg variables,
windows, MapReduce, etc. are just ad hoc (andieffif constructs to denote specific
subsets of. What would be a generic languageto specify subsets of? For
example, how one can express the following quéigd‘the average income for all
sets of four users who were born before 1940"? Wiwaild be an efficient, yet
flexible sub-language aof? What would be its expressive power? We would ticke
investigate whether associated sets can form this & such research.
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