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Abstract
Businesses today need to interrelate data stored in diverse systems
with differing capabilities, ideally via a single high-level query
interface. We present the design of a query optimizer for Garlic [c’95], a middleware system designed to integrate dotafrom a
broad range of data sources with very different query capabilities.
Garlic’s optimizer extends the rule-based approach of [L&88] to
work in a heterogeneous environment, by defining generic rules for
the middleware and using wrapper-provided rules to encapsulate
the capabilities of each data source. This approach offers great
advantages in terms of plan quality, extensibility to new sources,
incremental implementation of rules for new sources, and the ability to express the capabilities of a diverse set of sources. We describe the design and implementation of this optimizel; and illustrate its actions through an example.

1 Introduction
Businessestoday rely on datastoredin diversesystemswith
differing capabilities. Somedata are in traditional database
systemswith a powerful query language and efficient indices for parametric data. Others are in spreadsheetsand
file systemswith limited query capabilities, or in legacy application systemswhich provide specializedways to access
and manipulate data. The emergenceof protocols such as
CORBA, OLE DB and Java/JDBCmakesit easierto access
this range of sources,while databasemiddleware systems
or mediators [Wie93] offer the possibility of interrelating
their data via a single high-level query interface. The first
generation of commercial middleware systemshas gained
rapid acceptancein the marketplace.However,theseproducts typically connectonly a limited setof datasources,predominantly relational, and generally model all data sources
as relational systems. This simplifies the middleware considerably, as it can assumethat all the data sourceshave
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similar capabilities. The price of this simplification is that
any specializedsearchor data manipulation capabilities of
the underlying systemscannot be exploited when they are
accessedthrough the middleware. Thus this first generation of middlewareis not extensibleto the arbitrary systems
which may exist in a given business.
Several projects are addressing the problem of middleware for increasingly diverse systems [Day83, S”94,
PGMW95, TRV96, LRO96]. Many of the data sources
these systemsintegrate have limited or specialized query
processing capabilities. Queries in this environment vary
widely in performancedepending on how and where their
operations are executed. One key challenge for these systems is thus to develop a general-purposequery optimizer
which can use information about the capabilities of a new
data sourceto produce correct plans that efficiently answer
queriesranging over datain multiple sources,with differing
query capabilities. This papertakesup that challenge.
In this paper we present the design of a cost-basedoptimizer for heterogeneousmiddleware systems. We have
implementedour approachin Garlic [C+95], a middleware
system designed to integrate data from a broad range of
data sources,with very different query capabilities. Our
approachextendsLohman’s [Loh@] grammar-like rules to
work in a heterogeneousenvironment. Data sources are
connected to the middleware engine via wrappers. The
optimizer is given a set of rules that capture the engine’s
query execution strategies.Among theseare severalgeneric
rules, which produce source-specificplans using matching
wrapper-providedrules that encapsulatethe capabilities of
a particular data source. A normal dynamic-programming
enumeratorfires rules to generateall possiblealternativeexecution plans for a query.
We have pursued and implemented our approach becauseit has severalcrucial advantages.First, since our optimizer is an extension of a standardoptimizer we get all
the benefits of advancesin optimizer technology, as well
as the benefits of considering the entire searchspace,leading to high quality, efficient plans. We believe ours is the
first solution based on traditional dynamic-programming
techniques. Second,the system is extensible. Regardless
of their data model and query processingcapabilities, new
wrapperscanbe integratedwithout affecting other wrappers
or the middleware. Third, wrapperscan evolve gracefully.

Garlic Quety Services

Figure 1: Garlic SystemArchitecture
At any time, it is possible to refine or add wrapper rules to
improve the performanceof queriesover the wrapper’sdata
sources. Finally, this approachis extremely flexible, making it possible to integrate wrappersof strangedata sources
with unusual query processingcapabilities.
The remainderof this paperis structuredasfollows: Section 2 describesthe Garlic architecture. Section 3 presents
the Garlic query optimizer and its built-in rules. Section 4
showshow easyit is to model the query behavior of diverse
sources. Section 5 shows by example how the Garlic optimizer uses Garlic and wrapper rules to optimize a query
acrossvery different sources. Section 6 discussesrelated
work, and Section 7 concludesthe paper.

2 The Garlic System
Figure 1 shows the architecture of Garlic [C+95]. The architecture is typical of many heterogeneousdatabasesystems, e.g., [Day83, PGMW95, TRV96]. At the bottom
are data sources,which store, accessand manipulate data.
Above every data sourceis a wrapper. A wrapper hides the
details of the data source’sinterface and enablesaccessto
the data sourceusing Garlic’s internal protocols. The wrapper describes the data stored in the source using Garlic’s
data model, an object-orientedmodel basedon the ODMG
standard [Cat96, C+95]. Data in the sourceare viewed as
objects, and Garlic refers to these objects using an OID it
manufacturesbasedon the source,the object’s type, and a
unique key determined by the wrapper. This OID allows
Garlic to apply methods on objects; from the OID, Garlic
can determinethe appropriatewrapper,andthe wrappercan
locate the necessarydata and apply the method. Wrappers
provide methodsto get the value of eachattribute of an object, and to encapsulateany specializedsearchcapabilities
of the source. (Thesemethodsare typically implementedas
commandsin the native languageor programminginterface
of the underlying source.) The wrapper also definesobject
collections which are the targetsof queriesin Garlic.
The wrapper further provides a description of its query
processing capabilities in the form of a set of rules (encapsulatedasplanning methods[RS97]). Different sources
may vary greatly in their query processingcapabilities, and
thus will provide different rules. A wrapperdoesnot haveto
reflect the full query functionality of its data sources.However,in order for the datain that datasourceto be accessible
through queries, someminimum functionality must be pro-
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vided, i.e., at least one accessrule. We will discusswrapper
rules in Section 4.
A system catalog records the global schema. When a
new data source is added to a Garlic system, it is associated with a wrapper. This association, as well as the data
source’s local schema and any available statistics for its
data, is recorded in the catalog as part of the registration
processfor a data source. The catalog also contains information such as view definitions and information about the
systemconfiguration neededas input to the cost model during query optimization.
At the heart of Garlic are its query services,which play
the same role as a mediator in the architecture of other
systems [Wie93]. Garlic’s query services have two major components: a query language processor, and a distributed query execution engine. The query language processortakesa query as input and obtains an execution plan
for the query through parsing, semantic checking, query
rewrite, and query optimization (as in Starburst [H+89]).
The job of the optimizer is to construct and select an “optimal” plan for a given query, basedon a cost model. Traditional query optimizers build plans basedon detailed, builtin knowledgeof the full set of execution strategiesavailable
and their costs. This is true even in distributed systems;
the optimizer must know the capabilities and costsfor each
remote data source to decide which operations to execute
at a source and which at the query site [FJK96]. Garlic,
however, must be able to find good plans without built-in
knowledge of data sources’ capabilities and costs; how it
accomplishesthis is the subject of this paper.
Once the plan has beendetermined by the optimizer, its
execution is coordinated by Garlic’s query execution engine, which passessubqueriesto the wrappers and assembles the final query result. Garlic’s execution engine is a
powerful systemable to performjoins, apply predicates,invoke methods,sort, aggregate,and so on. This allows Garlic to compensatefor functionality not present in the data
sourcesor not reflected by their wrappers, and to execute
itself those operationsit can do more efficiently.

3 Query Optimization in Garlic ’
To optimize a query, Garlic usesa set of STrategyAltemative Rules, or STARS[Loh88], which construct plans that
can be handledby Garlic’s query engine. Garlic’s enumerator fires appropriateSTARS,following a dynamic programming model, to build plans for the query bottom-up. Garlic
differs from [Loh88] in that some of Garlic’s STARSare
genetic. These STARSare fired during enumeration when
a piece of work is found that can or must be done by a
wrapper. Generic STARSconsult the appropriate wrapper
to build their piece of the plan. From the resulting set of
completeplans for the query, the optimizer selectsthe winning plan basedon cost. This plan will then be translated
into an executable(or interpretable) format.

Property
Tables

Description
set of tables that have been accessedandjoined
COllUtlnS
set of columns of the output of the plan
Predr
set of medicatesthat have been annlied in the ulan
where
the output is produced;i.e., the id
Source
of a data sourceor Garlic’s execution engine
TFUJEif the output of the plan is materialized,
materialized
FALSE otherwise
a sort expr. if the tuples of the output are ordered,
Order
NIL otherwise
cost 1 estimatedcost of the plan
Card 1 estimatednumber of tuples of the output of the plan

Project
Tables: {Inbox m, Classesc}
Columns: { m.Body}
Preds: {c.Prof=‘Aho’, m.Subject=c.Course}

Join
Columns: {m.OID,m.Subject,m.Body,c.OID,c.Course}

Figure 2: Garlic Plan Properties
3.1

Plans in Garlic

Plans in Garlic are trees of operators, or POPS (Plan OPera-

tors). Each POPworks on one or more inputs, andproduces
someoutput (usually a streamof tuples). The input to a POP
may include one or more streamsof tuples. In a plan, these
are produced by other POPS.Garlic’s POPSinclude operators for join, sort, filter (to apply predicates),fetch (to retrieve data from a data source),temp (to make a temporary
collection) and scan (to retrieve locally stored data). Garlic also provides a generic POP,called PushDown, which
encapsulateswork to be done at a data source.
Plansare characterizedby a set of plan properties. Properties are a common way to track the work that is done in
a plan [GD87, Loh88, M+96]. It is particularly important
to characterizeplans with a fixed set of properties in Garlic, becauseGarlic plans are (in part) composedof generic
PushDown POPS. The actual work being done by these
POPSdependson the wrapper where the work takes place
and the query, and is not understoodby Garlic or any other
wrapperin the system.However,the propertiesprovide sufficient information about what is done to allow Garlic to
properly incorporate the PushDown POPin a plan.
We characterizeplans and their output by the eight properties describedin Table 2. The properties of one POP are
typically a function of the properties of its input POP(s),if
any. Properties are computed as the POPSare created,by
STARS. The properties assignedto a plan are the properties of the topmost POP of the plan. Most of theseproperties are equivalent to those usedby optimizers of traditional
databasesystems.An exception is the Sourceproperty. It is
usedto record where the output streamcomesfrom (Garlic
or a particular dam source); the Sourceproperty is comparable to the Site property usedby R* [Loh88].
For example, Figure 3 shows one possible plan for executing the query “select m.Body from Inbox m, Classesc
where m.Subject = c.Course and c.Prof = ‘Aho’ “, assuming Inbox is defined by a simple mail wrapper that only answers queries of the form “select OID from Inbox”, and
that Classescomes from a DB2 database. The leaves of
the plan are both PushDown POPS,but with quite different
properties. A Fetch POP retrieves from Mail the attributes
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Fetch(m, {Subject, Body))
Tables: {Inbox m}
Columns: {m.OID,m.Subject,m.Body}
Preds: {}
Source: {Garlic}
Mat:
false
Order: NIL
PushDown(Mai1)

PushDown(DB2
Tables: {Classesc}
Columns: {c.OID,c.Course}
Preds: {c.Prof=‘Aho’}
Source: { DB2}
Mat:
false
Order: NIL

Figure 3: One PossibleQuery Plan for:
SELECT m.Body FROM Inbox m,Classes
c
WHERE m.Subject=c.Course
AND c.Prof='Aho'

Subject and Body for each OID returned by the first PushDown POP,compensatingfor the inability of Mail to return
these values directly’. Hence, Fetch’s properties include
these two additional columns. Note that it has Source =
‘Garlic’, reflecting the fact that it will be executedby Garlic. The Join POP’sproperties reflect the two tables of its
input streams,the union of the columnsfrom those streams,
and the predicate applied by its (second) input, as well as
the join predicate. The final Project POP ensuresthat only
the Body column is returnedas specifiedin the query.
Oncethe optimizer choosesa winning plan for the query,
the plan is translatedinto an executableform. Garlic POPS
are translatedinto operatorsthat can be directly executedby
the Garlic execution engine. Typically each Garlic POP is
translatedinto a single executableoperator. A PushDown
POP is usually translatedinto a query or set of API calls to
1This is possible because (1) the assignment (and retrieval during query
processing) of Garlic OIDs allows Garlic to go back to the data source to
retrieve missing information and (2) wrappers must provide “‘get” methods
for any attribute they define.

the wrapper’s underlying data source. Wrappers are, however, free to translate the PushDown POPS in whatever way
is appropriate for their system.
3.2

Using STARS to Produce Plans

Garlic’s STARS are closely based on the work of [Loh88];
in fact, we have implemented the Garlic optimizer as an
extension of the DB2 CS [G+93] version of STARS. We
begin this section with a review of this work, and then focus
on how we have extended STARS to meet Garlic’s needs.
STARS can be seen as the production rules of a grammar
that generates plans. We call the topmost non-terminal symbols of the grammar roots. A STAR determines how POPS
can be combined in a plan. A simple STAR may build only
a single POP, by invoking its constructor. The constructor
allocates space for the POP, initializes various fields, and
calls the property function to compute the properties of the
new POP (including Curdinality and Cost).
Of course, few STARS are that simple. Most include a
condition function; if the condition is true, then the STAR
builds its plan, otherwise, no plan is built. Also, a single
STAR may construct multiple POPS, and multiple plans.
Multiple POPS are built by calling the POPS’ constructors
in sequence. Multiple plans result when the STAR is instantiated with a set parameter, and creates a plan for each element of the set-in this case, the condition (if any) is evaluated for every element of the set separately. Finally, STARS
can also invoke other STARS. Thus, STARS are rules of the
following form (where fi is the name of a STAR or a POP):
STAR(params)::= t/e E set : fi(fi(. . .), fs(. . .),other args)
[if condition(args)]
(1)
Note that when a STAR is instantiated, all properties of
all the resulting plans are computed automatically, as the
various POP constructors are called.
For example, the following STAR can be used to retrieve
columns that are needed by some other STAR, but which
have not yet been retrieved from the relevant wrapper.
FetchCols(T, C,Plan) ::= Fetch(T, C',Plan)
if C' # 0, C' = C - Plan.Columns

(2)

This STAR constructs a Fetch POP, if there are columns
needed that are not already present in the properties of the
input plan. It builds at most one plan, depending on the
value of the condition function. In the following example,
multiple plans may be returned (depending on the cardinality of the set of input plans), and multiple POPS are unconditionally constructed.
DamStream({Plan}) ::= Vp E {Plan} : Scan(Temp(p))

(3)

DamStream is called when an intermediate result must be
stored. It is given a set of plans which produce that result,
and adds Scan and Temp POPS to each. Examples of more
complex STARS for a single-source DBMS can be found
in [Loh88]. We will look at some of Garlic’s more complex
STARS in Section 3.5 below.
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Garlic defines a fixed set of roots with fixed interfaces,
corresponding to the different language functions it supports. There are roots for select, group-by, insert, delete,
and update, which are invoked by the plan enumerator depending on the kind of query. In this paper we focus
on select-project-join queries. These queries involve three
kinds of roots: AccessRoot
(STARS for single-collection
accesses), JoinRoot
(for joins) and FinishRoot
(for
ensuring that the plan is complete).
To allow the Garlic optimizer to plan queries when data
comes from sources with differing query capabilities, Garlic includes several generic STARS. These STARS construct
the generic PushDown POP described above. We will prefix the names of these generic STARS with Repo to remind
us that they represent work that will take place in a data
source (repository). There is a generic STAR corresponding to each root STAR (except FinishRoot,
which is a
purely Garlic function). Thus, there is a RepoAccess
STAR and a RepoJoin
STAR. When these STARS are
instantiated, they invoke rules the wrapper may have provided, then use the results to build a PushDown POP and
compute its properties. If there is no appropriate wrapper
STAR, they simply return no plan. In many cases, Garlic
will find other ways of accomplishing the same function.
We illustrate this using Garlic’s RepoAccess
STAR,
shown in Figure 4. This STAR invokes the plan-access
rule, if any, defined by the wrapper of the data source that
contains the collection to be accessed. That rule returns a
list of zero or more “wrapper plans”. These are simply data
structures, uninterpreted by Garlic, that provide information
the wrapper needs to execute the access if Garlic requests
it later. Also returned are the properties for each wrapper
plan; these will typically be (a subset of) the properties requested when the STAR was instantiated. The Source property will be computed by the ds function provided by Garlic. The Garlic RepoAccess STAR uses these properties
to set the properties of the PushDown POPS that it creates.
For purposes of this paper, we assume that wrappers construct their plans using STARS. Note, however, that since
Garlic does not interpret the wrapper plans (only their properties), wrappers are actually free to construct their plans
however they wish, as long as the interface to Garlic is
STAR-like. Interested readers may consult [RS97] for the
wrapper’s perspective on this process. STARS provide a
useful means of capturing the wrappers’ query capabilities,
regardless of implementation. Thus, when we need to characterize the work done in a plan by a wrapper, we will use
“wrapper STARS” and “wrapper POPS” to do so. We will
use wrapper STAR names that start with plan- and are all
lower case in order to distinguish wrapper STARS from Garlit STARS.

RepoAccess(T, C, P) ::= Vp E plan-access(T, C, P) : PushDown
Condition:plan-access(T,C,P) hasbeendefinedbythewrapperof thedatasourcethatstoresT.
Functions: none

Figure 4: Garlic’s RepoAccess STAR
3.3

T a table;C columnsof T usedin thequery;P restrictionson T definedin thequery
Plan Enumeration and Dynamic Programming
Garlic functions using constantsstored in Garlic’s catalog.

Garlic’s cost-based[S+79] optimizer enumeratesplans by
invoking the appropriateroot STARSof Section 3.2. Plans
for selectqueriesare enumeratedbottom up in threephases.
In the first phase,the enumeratorappliesthe AccessRoot
STAR to every collection used in the query. Since at this
time Garlic storesno data, AccessRoot basically serves
tocall RepoAccess.
In the second phase, the enumerator applies the
JoinRoot STAR, which invokes the RepoJoin STAR
as well as various other join STARS,each of which representsone Garlic join method. It applies the JoinRoot
STAR iteratively, passingit two plans and a join predicate
eachtime. Initially, eachplan is one of thoseenumeratedin
phaseone for a single table access.When all possible twoway join plans havebeenexamined,the enumeratorinvokes
the JoinRoot STAR to combine single table accessplans
with two-way join plans to createthe three-wayjoins, and
so on, until plans which join all the collections of the query
havebeencreated.The enumeratorconsidersall bushy join
orders. Since Garlic is a distributed system,bushy plans are
particularly efficient in many situations.
Garlic’s optimizer employs dynamic programmingin order to find the best plan with reasonableeffort [S+79]. In
every step of plan enumeration, Garlic’s optimizer applies
pruning; that is, the optimizer doesnot useplan A asa building block for other, more complex plans if A has higher
cost than another plan and A’s properties are a subset of
that plan’s Only plans whose properties are included in a
cheaperplan’s are pruned; for example,if Plan 1 hashigher
cost than Plan 2, but the Source of Plan 1 is Garlic (i.e.,
Source property is “Garlic”) and the Source of Plan 2 is
somedata source,then Plan 1 may not be pruned becauseit
might be a building block for a winning plan that executes
most operatorsof the query in Garlic’s query engine.
In the third phase, the enumerator applies Garlic’s
FinishRoot
STAR to get a final query plan that includes
all projections, selections and orderings specified in the
query and not so far achieved. When this rule completes,
all remaining plans will have the sameproperties, and the
leastcost plan is chosenfor execution.

The local processingcostsof the operatorsof Garlic’s query
engine are estimated by a cost model provided by Garlic.
This model includes CPU and I/O costs, and models fairly
closely the actionsof the Garlic execution engine. The local
processingcosts of wrappers and their data sources,however, must be estimated by cost models that are defined
for each wrapper individually becausethere is no universal, generic cost model that is valid for all wrappers and
all data sources. We are working on a framework to help
wrapper writers createthese models. Today, they must be
hand-written and hand-calibrated.
An important parameterof any kind of cost model is the
Curdinality of input and output collections. As with other
properties, Cardinality is computed after every application
of a STAR. Cardinality dependson logical operationsof the
query,so wrapperwriters neednot implement functions that
computethis property. However,they must provide ways to
gather statisticson the cardinality of the stored collections,
and on valuesof their attributes.
3.5

More Complex Garlic STARS

We now describe the Garlic join STARS. Garlic’s
JoinRoot STAR, which is applied in the second phase
of plan enumeration,is defined in Figure 5. It specifiesthat
joins can be evaluatedin Garlic in one of three ways: (1) by
pushing thejoin down to a datasource,(2) via a nested-loop
join in Garlic, or (3) by meansof a bind join (defined below). For each of thesethree join methods, Garlic defines
a separateSTAR which is called by Garlic’s JoinRoot
STAR in order to producethe correspondingjoin plan.
The simplest of the actual join STARSis RepoJoin
(Figure 6). This STAR produces plans in which the join
is done by a data source if that source’s wrapper has a
plan-join
STAR and if both the outer and inner of the
join areavailableat the datasource.Like the RepoAccess
STAR, Garlic’s RepoJoin STAR createsa generic PushDown POPto track the propertiesof the wrapper plan.
Garlic’s NestedLoopJoin
STAR is shown in Figure 7. Using a plan for the outer (2’1) and a plan for the
inner (Ts) as building blocks, it constructsa new plan with
a NLJ POP at the root and a Scan POP to iteratively read
3.4 Costing Plans
the inner, which is materialized via a Temp POP.The third
In Garlic, the cost of a plan is the sum of local process- parameterof NLJ is the set of join predicates. For the NLJ
ing costs, communications costs, and the costs to initiate POP to function, all the attributes neededto evaluatethose
subqueriesand methods.The communication costsand the predicatesmust have beenretrieved. To ensurethis, we use
costs to initiate subqueriesand methods are estimatedby a variant of the FetchCols STAR defined in Section 3.2,
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JoinRoot(T1, T2, P) ::= RepoJoin(T1, T2, P)
JoinRoot(Tl,T2,P)
::=NestedLoopJoin(T~,Tz,P)
JoinRoot(T1, T2, P) ::= BindJoin(T1, Tz, P)
Conditions: none
Functions: none

STARS

Figure 5: Garlic’s JoinRoot

~;;W’-‘l=

Vp E plan-j:i$Tl,

, .,.

,

K, P) : PushDon

C.: T~.Source= Tz.Source;Tl Source # Garhc ,
plan-join(T~,Tz,P)
definedby the wrapperof Tl.Source

coststo ship intermediateresults. Therefore, binding plans
should be enumeratedand costsevaluatedin addition to the
STAR checks that
other two alternatives. The BindJoin
the wrapper for the data source which produces the inner
plan acceptsbindings (provides a planbind
STAR), and
if so, asks the wrapper to re-plan the inner with the additional bind predicates.For eachresulting wrapper plan, the
BindJoin
STAR produces a new PushDown POP as the
inner. Using our variant of FetchCols,
BindJoin
ensuresthat all the attribute values neededfrom the outer for
the join predicatesare retrieved, so that the Bind POP can
passthem to the inner.
3.6

Figure 6: Garlic’s RepoJoin
NestedLoopJoin(Tl,Tz,P)

STAR

We have implemented the STAR framework, and STARS
and cost models for wrappers of several data sources, including DB2, Oracle, ObjectStore, an image processing
system called QBIC [N+93], two Lotus Notes databases,
and two Web sources. Our implementation extends the
DB2 CS V2 optimizer with the STARSand POPSdescribed
above. During plan enumeration,the RepoAccess STAR
is invoked once for each collection in the query, and invokesthe appropriatewrapper’splan-access
STAR. All
of Garlic’s join STARS are applied in every step of the
second phase of plan enumeration to ensure that all possibilities are considered. However, the conditions on the

::=

P)),
SPc)an(Temp(FetchCols(T2,NeedAttr(T2,P)))),

NLJ(FetchCols(T~,NeedAttr(T~,

C.: none
E: NeedAttr(Plm, Predr) computesthe attributesof collections
of Plan that are neededto computethe predicatesin Preds.
Figure 7: Garlic’s NestedLoopJoin
BindJoin(Tl,Tz,P)

::= Vp E plan-bind(T2,P)

Discussion

STAR

RepoJoin

:

and BindJoin

rules ensure that they will re-

turn plans only when such plans are possible.
In the current system, all STARSand POPSare impleC.: Tz.Source # ‘Garlic’
mented in C++. An alternative would be to implement
planbind(T,
P) definedby the wrapperof Tz.Source
STARSas declarativerules and interpret the STARSas proE: NeedAttr as in Figure 7.
posedin [LFL88]. This might simplify the implementation
of STARS,especially for wrapper writers; hard-coding all
Figure 8: Garlic’s BindJoin
STAR
STARSin C++, however,provides significantly better perTI, T2 p1a11s
for outer and inner; P potential join predicates
formanceduring plan enumeration.
which returns the Plan without an attached Fetch POP if
Our approach to optimization has several key advanno columns are missing. The ability to invoke other STARS tages.It is a simple extension of traditional optimizer techto enforce certain propertiesis powerful; it allows Garlic to nology, allowing us to both enumeratea full setof plans and
detectdiscrepanciesbetweenwhat a plan provides and what to take advantageof any and all advancesin optimization
is needed, and to compensate. Thus, Garlic can provide and execution strategies. Since we enumerate all possible
powerful queries againsteven very limited data sources.
plans, we are guaranteedto find the optimal plan as defined
The third Garlic join rule, the one for bind joins, is by our cost model; aswith all optimizers, however,this may
shown in Figure 8. A bind join is a nested loop join in not be the actual best execution plan if the cost model used
which Garlic passesintermediate results (e.g., values for by the optimizer is not sufficiently accurate.The extensions
the join predicate) from the outer objects to the wrapper we make are isolated and few in number,consisting of one
for the inner, which usestheseresults to filter the data it re- genericPushDown POPand a few generic STARS.
turns. If the intermediate results are small and indexes are
As a further consequenceof this design, our system is
available at data sources,bindings can significantly reduce extremely flexible. Wrappersfor new data sourcescan be
the amount of work done by a data source. Furthermore, added at any time without considering the capabilities of
bindings can reduce communication cost in the sameway other wrappers, and without changing the optimizer code.
that a semi-join doesin distributed databases.On the other Because Garlic does not have to understand the wrapper
hand, bindings result in poor plans if intermediate results plans, relying only on a fixed set of properties to describe
are large: high processingcosts at Garlic’s query engine, them, a wide range of data sourcescan be wrapped. These
the wrapper and the data source,plus high communication sourcesmay differ in data model and vary widely in query
Bind(FetchCols(T~,NeedAttr(T~,P)),PushDown(p))
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processing abilities, yet no special properties have been
addedto deal with heterogeneity.
Finally, STARSare a powerful constructfor a distributed
system.In addition to standardrelational function, Garlic’s
STARScan handle approximate search, replicated collections, and gateways[K+96]. An exampleinvolving approximate searchis given in Section 4.

plan-access(T,

C.: none
E: ds(T) returns the id of thedatasourcethatstoresT.

Modeling Wrapper Query Capabilities
Using STARS

I

Figure 9: Mail WrapperSTAR
plan-access(T,

4

C, P) = Quantifier(T, U%(T))

C, P) = RScan(T, C, P, h(T))

C.: none
E: h(T) returns the id of the rel. datasourcethat storesT.

In addition to making optimization simple for Garlic, the
STAR framework makesit easy to describewrapper query
capabilities, and allows wrappersto start simply, andevolve
over time. While Garlic STARSmay be complicated,due in
part to their use of other STARSto enforce neededproperties, wrapper STARStend to be simple. Indeed, we have
found no need for wrapper STARSto invoke other STARS,
or evento build multiple wrapper POPS.In this section, we
demonstratethe power and simplicity of the STAR framework for heterogeneoussystems,by meansof an example
involving three very different data sources.In the next section, we extend our example to show how the Garlic optimizer would optimize a query involving thesethreesources.
Consider a university with a relational databasestoring basic information on each course offered, course descriptions in a special text store, and an on-line complaint
mechanismthat sendsmail to an ombudsman.Thesethree
sources(relational, text, and mail) are integratedusing Garlic. In the following, we provide relevant details of these
wrappersand define STARSfor them.
The mail wrapper exports a Complaintscollection of objects of type Message. Messageseach have Sendeq Date,
Body and Subject attributes. The wrapperprovides only the
ability to iterate through a collection, retrieving the OIDs.
To model this ability, it defines the simple plan-access
STAR shown in Figure 9. Like every plan-access
STAR, this STAR takes as parametersthe identifier of a
collection (T), a set of attributes (C), and a set of predicates (P) that are used in the query. Regardlessof C and
P, this STAR always returns one plan consisting of a single Quantifier POP. The Quantifier POP models the execution of the query “select OID from T” in the data source
that storesT. The values of the properties (except cost and
cardinulity) of the Quantifier POP are defined in Table 1;
the RepoAccess STAR would get these values from the
wrapper plan to create its PushDown POP. Query plans
generatedusing this STAR are executed as follows: the
OIDs of all messagesof a collection are passedfrom the
wrapper to Garlic’s execution engine, which uses method
calls to the wrapper to get the attributesof the messages.
The simple STAR of Figure 9 could be used as a starting point for wrappers of many different sources. (There
is nothing Mail-specific about it.) This STAR guarantees
that any query that accessesdata from one of a wrapper’s
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--------------_______

planbind(T,
C, P,plon) =
RScan(T, C, P Uplan.Preds,

ds(T))

C.: none
E: ds asdefined above.
---------_-_______
plaLjoin(Tl,Tz,
P) = RJoin(Tl,Tz,

P)

C. : TI Source = T2Source

E: none

Figure 10: Relational Wrapper STARS
sourcescan be processed,but it does not model a wrapper’s query processingcapability, and therefore, plans generatedby this STAR often show poor performance.Initially
a wrapperwriter might define only this STAR to integrate a
sourcequickly; later (s)hecould add more powerful STARS
to improve performance. For example, we could initially
usethis STAR to integratethe relational database,and then,
once we had made the relational data accessible,replace it
with the STARSof Figure 10 to exploit the relational engine’s query processingpower,improving performance.
The relational wrapper exports a Classes collection.
Class objects have attributes Course, Professes etc. The
relational data source supports the usual relational operations, and the wrapperprovides STARSfor access,bind and
join. TheseSTARSare shown in Figure 10. They construct
a set of POPSwhich model the relational source’s operations. Their propertiesare given in Table 1. plan-access
generatesan R&an POP which models the execution of a
single-tablequery, aggressivelyapplying all predicatesand
retrieving all necessarycolumns. planbind
also builds
an R&an POP,adding the binding predicatesto the set. Finally, plan-j oin constructs an RJoin POP,which models the relational source’s ability to join two tables, again
applying all predicatesand fetching all columns.
The text wrapper exports a single collection, Descrs,
which contains objects of type Blurb, with attributes
Name and Description.
The text data source supports
single-collection queries with methods of the form contains(string) or is-about(string) modeling its search capabilities. contains returns a boolean value, depending on
whether the document it is applied to contains the words
in the string. isabout(string) returns a rank between0 and
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Table 1: Properties (except cost and cardinality) of POPS used in Wrapper STARS
T a collection; S an id of a data source;e an isabout oredicate;C a setof attributes;P a set of preds;TI, T2 plans
plan-access(T,
C, P) = TScan(T, C, Pt, h(T))
functionality to Garlic. This makes it easy to modify and
evolve wrappers. Third, each wrapper’s STARS were deC.: Pt c P are all predicatesof the form
fined independently of the others’, and without affecting
contains(string) or Name = string.
Garlic STARS or Garlic’s query services, making it easy
R: ds(T) returns the id of the text data sourcethat storesT.
to add new wrappers to the system. Modeling power, low
----__--------------“entry-cost” for writing wrappers, evolvability, and extensiplan-access(T,
C, P) =
bility are key advantages of our approach.
t/e E C : T-Rank(T, C, e, Pt, ds(T))

5

C.: e is an isabout expressionon T. Pt c P as above.
E: a%as above.
Figure 11: Text Wrapper STARS
1 indicating how closely the document matches the terms in
the argument string. STARS defining this wrapper’s plans
are found in Figure 11. The POPS for these STARS are also
described in Table 1. Note that this wrapper provides two
plan-access
rules: one, which produces a TScan POP,
simply scans the documents, returning whatever attributes
are asked for, and applying any “contains” or other String
predicates, and the other, which produces the T-Runk POP,
returns the results in order of rank computed as a result of
an isabout method in the order by clause.
iFrom these three examples, we can see that the basic query power of wrappers and data sources with vastly
different querying abilities can be modeled easily with a
handful of simple, single-POP STARS. There are two reasons why wrapper STARS can be so simple. First, Garlic
provides a powerful query engine which can make up for
missing query function in the wrappers. Second, wrapper
STARS model “what” can be executed by a wrapper, not
“how”. For example, the relational wrapper exported a simple plan-j oin STAR to model that joins can be executed
by its data sources; it did not need to enumerate altemative plans with different join methods because plans with
an RJoin POP are translated into a multi-table (SQL) query,
and the optimizer of the relational data source automatically
determines the most efficient join methods. Precise modeling of join methods may be required in the wrapper’s cost
model in order to estimate the cost of join processing in the
data source, but it is not required in the wrapper’s STARS.
These examples also demonstrate three further advantages of our approach. First, we defined a simple minimal
STAR that might be the first STAR a wrapper would export.
This makes it easy to get a wrapper up and running. Second, wrapper writers can add STARS or alternatives for an
existing STAR at any time, to expose more wrapper query

283

Optimizing

a Query

To see how the whole framework works, we now describe
how a query against the sources of Section 4 would be
processed by the Garlic optimizer using Garlic’s built-in
STARS (Section 3) and the wrapper STARS defined above.
Suppose that the ombudsman has just received a complaint
about an Ancient Studies course. She remembers receiving a number of complaints about courses concerning the
ancient world recently, and wants to see what faculty are
involved. She poses the following query:
SELECT
FROM
WHERE

C.Course,C.Prof
ClassesC, DescrsD, Complaints P
D.Name= CCourse AND
C.Course= PSubject
ORDER BY D.is-about(“ancient world, Greece,Rome”)
In phase one of optimization, Garlic’s AccessRoot
STAR is invoked once for each collection of the query.
In each case, it invokes the appropriate wrapper’s
plan-access
STAR, and then creates a PushDown POP.
This results in four plans, shown in Figure 12, one from
each of the Mail and Relational wrappers, and two from the
Text Wrapper. Their properties will be those of the wrapper
POPSin Table 1.
In phase two, Garlic’s JoinRoot
STAR is fired, first
to make all possible two-collection joins, and then to look
at all three-collection plans. This entails four calls to
JoinRoot
to join Classes and Descrs (one with each of
the plans for Descrs as the outer, and two with Classes as
the outer, using the different plans for Descrs as the inners), four more for Descrs and Complaints, and two for
joining Classes and Complaints. Each time it is called,
Pl: PushDown(R&an(Classes,{Course,Prof}, 0, RDB))
P2: PushDown(Quantifier(Complaints,Mail))
P3: PushDown(T-Scan(Descrs,{Name,score}, 8, Text))
P4: PushDown(T_Rank(Descrs,{Name,score}, 0, Text))
Figure 12: Plans from Phase 1 of Optimization

P5:NLJ(P1,Scan(Temp(P3)),
{Course= Name})

rewrite rules to decomposea query, but have no cost model
to evaluate alternative plans (e.g., [FRV95]). [CS93] uses
rewrite rules to generatealternative versions of a query involving foreign tables and functions. Each version can
then be optimized, and the least cost plan overall is chosen. Most work on cost-basedquery optimization in hetFigure 13: Two-Way Join Plans Surviving Pruning
erogeneoussystems is limited to specific classesof data
sources[DKS92, GST96]. The works most closely related
PIO:NLJ(P5,Scan(Temp(Fetch(P2,Subject))),
to
ours are [TRV96] (DISCO) and [PGH96]. Thesetwo ap{ Subject=Course})
proaches
also use grammarsto describethe capabilities of
Pll: NLJ(P4,Scan(Temp(P9)).
{Name= Course})
wrappers; however, the types of grammarsused and how
they are usedare significantly different.
Figure 14: Three-WayJoin Plans Surviving Pruning
DISCO addressesproblems beyond the scopeof Garlic,
JoinRoot instantiatesall three Garlic join rules. For this with an emphasison operating when not all data sources
query, RepoJoin never returns any plans, as no two col- are available. DISCO uses a wrapper grammar to match
lections are co-located. Nes tedLoopJoin
always re- queries. The DISCO optimizer enumeratesquery plans as
turns a plan, as Garlic can always perform the join, so if wrapperscould handle any kind of query, then usesthe
ten nested loop plans are returned. Since only the rela- wrapper grammarto parseeachplan to determine whether
tional wrapper defines a planbind
STAR, BindJoin
it can be handled by the wrapper. Thus, DISCO enumerreturns a plan only when Classesis the inner. This occursin atesall plans, including many invalid ones. The Garlic opthree plans, so in total, thirteen join plans are consideredin timizer, by contrast, constructs only valid plans, and it is
this phase. However, only five plans survive pruning (Fig- quicker to constructa plan using STARSthan to parsea plan
ure 13). The others are eliminated becausethey have the using a grammar.
sameproperties as anotherplan, and cost at least as much.
[PGH96] proposesa set of algorithms that decompose
Note that each plan of Figure 13 builds on the plans of a query basedon a novel relational query description lanFigure 12. For example,plan PScombinesplansPl and P3, guage that describesthe capabilities of wrappers. Their alstoring the results of P3, and adding the join operatorwith gorithms push down as much work as possible to wrappers
a scan of the new collection. Plan P8 similarly builds on to minimize the amount of processing in the middleware
plans P4 and P2, but discoversthat it needsto add a fetch of system’squery engine. However, this work gives no guidsubjectbefore making the temporary collection, in order to ance on how to execute the remaining query pieces in the
apply the join predicateduring join processing.
middleware,or how to choosebetweenalternative plans.
Plans P7 and P8 demonstratethe benefits of extending
Recently, other ways to describe capabilities of hetwell-known optimizer technology. Both plans apply a join erogeneouswrappers or data sourceshave been proposed.
predicatethat did not appearin the query, but could be de- In [LRO96], capability records are used to describe which
duced from it by taking the transitive closure of the predi- bindings can be passedto a source.However,the capability
cates [G+93]. These plans required no new rules, nor did record mechanismis not powerful enough to describe the
the new, generic Garlic rules disturb them; the existing op- capabilities of, say, Garlic’s relational or image wrappers.
timizer computed transitive closures of predicates,and the In other work, views are usedto describewhich queriescan
Garlic optimizer therefore (automatically) doesso.
be handledby a wrapper/datasource;e.g., [Qia96, LRU961.
In the next step of phasetwo, thesetwo-way join plans While flexible, decomposinga query using views requires
will be combined with the single-table accessplans from solving the query subsumption problem. Thus, these apphaseone to generatethe three-way joins. In this phase, proachesare typically limited to simple conjunctive queries
fourteen plans are created, but only two survive pruning, andcannoteasily be extendedto handle ordering, grouping,
one ordered by isabout (Pl 1) and one not ordered (PlO). or aggregatefunctions.
Thesetwo plans, shown in Figure 14, are the input to phase
three. In this phase, the FinishRoot
STAR is invoked
to complete both plans. Pll is already complete, so it is 7 Conclusion
returnedasis, but FinishRoot
addsa Sort POPto PlO to
In this paper, we presented the design of a query opticompleteit. As both plans now havethe sameproperties,a
mizer for heterogeneousmiddleware systemsdesigned to
winner is chosenon the basisof cost.
integratedata sourceswith different data models and query
processing capabilities. A query optimizer is a critical
6 Related Work
component of any such middleware system, becausedifDespite its importance, there is little related work on opti- ferencesin cost between alternative plans for executing a
mization and decompositionof queries acrossdata sources query can easily be severalorders of magnitude, and there
with different query capabilities. Somesystemsuse query are generally many possible plans. Our optimizer is based
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on dynamic programming and Lohman’s STrategy Alternative Rules, or STARS.We have extended Lohman’s approach to encompass generic and wrapper STARS, and implemented this in the Garlic middleware system. Garlic
uses STARS to construct its query execution plans, in which
a generic PushDown POP represents work done by a data
source. Garlic’s generic STARS construct PushDown POPS
and invoke wrapper-provided STARS to construct the wrapper portion of the plan. We illustrated our approach with
both Garlic and wrapper STARS, and described how they
would be used to optimize a query. In a small set of experiments [K+96], we have further shown the importance of optimization in this environment, and how alternative wrapper
STARS impact query processing in Garlic.
The advantages of our approach lie in its extensibility
and evolvability, the expressiveness of the powerful STAR
syntax, the simplicity of wrapper STARS, and the fact that
it can be implemented as an extension of an existing optimizer, leading to high quality plans. Tbe approach is extensible, as new wrappers and their STARS can be integrated
without affecting other wrappers or Garlic’s query engine.
The STAR syntax is powerful, as it enables wrapper writers
to precisely model the capabilities of wrappers even for very
unusual data sources. It is typically easy to define STARS
because STARS simply model “what” kind of queries can
be handled by a wrapper rather than specifying precisely
“how” these queries are executed by the data sources. The
approach is efficient, as it employs well-known optimization techniques such as dynamic programming with pruning
to find good plans with reasonable effort.
In the future, we want to continue to integrate and experiment with new kinds of data sources in order to get more
general insight into the design tradeoffs for wrapper STARS.
We are considering wrappers for a digital library product,
and for OLE automation servers. We are also examining
whether we can develop cost models for broad classes of
data sources, so that modeling the cost of wrapper plans
can be simplified for the wrapper writer.
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