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ien
es, University of Texas at Austinfaibrahim,w
ookg�
s.utexas.eduAbstra
t. Obje
t persisten
e ar
hite
tures support transparent a

essto persistent obje
ts. For eÆ
ien
y, many of these ar
hite
tures supportqueries that 
an prefet
h asso
iated obje
ts as part of the query result.While spe
ifying prefet
h manually in a query 
an signi�
antly improveperforman
e, 
orre
t prefet
h spe
i�
ations are diÆ
ult to determine andmaintain, espe
ially in modular programs. In
orre
t prefet
hing is diÆ-
ult to dete
t, be
ause prefet
h is only an optimization hint. This paperpresents AutoFet
h, a te
hnique for automati
ally generating prefet
hspe
i�
ations using traversal pro�ling in obje
t persisten
e ar
hite
tures.AutoFet
h generates prefet
h spe
i�
ations based on previous exe
u-tions of similar queries. In 
ontrast to previous work, AutoFet
h 
anfet
h arbitrary traversal patterns and 
an exe
ute the optimal number ofqueries.AutoFet
h has been implemented as an extension of Hibernate.We demonstrate that AutoFet
h improves performan
e of traversals inthe OO7 ben
hmark and 
an automati
ally predi
t prefet
hes that areequivalent to hand-
oded queries, while supporting more modular pro-gram designs.1 Introdu
tionObje
t persisten
e ar
hite
tures allow programs to 
reate, a

ess, and mod-ify persistent obje
ts, whose lifetime extends beyond the exe
ution of a singleprogram. Examples of obje
t persisten
e ar
hite
tures in
lude obje
t-relationalmapping tools [10, 6, 28, 24℄, obje
t-oriented databases [8, 21℄, and orthogonallypersistent programming languages [25, 2, 19, 22℄.For example, the Java program in Figure 1 uses Hibernate [6℄ to print thenames of employees, their managers, and the proje
ts they work on. This 
odeis typi
al of industrial obje
t-persisten
e models: a string representing a queryis passed to the database for exe
ution, and a set of obje
ts is returned. Thisquery returns a 
olle
tion of employee obje
ts whose �rst name is \John". Thefet
h keyword indi
ates that related obje
ts should be loaded along with themain result obje
ts. In this query, both the manager and multiple proje
ts areprefet
hed for ea
h employee.1 This work was supported by the National S
ien
e Foundation under Grant No.0448128.



2 Ali Ibrahim & William R. Cook1 String query = "from Employee e2 left join fet
h e.manager left join fet
h e. proje
ts3 where e.�rstName = 'John' order by e.lastName";4 Query q = sess.
reateQuery(query);5 for (Employee emp : q. list ()) f6 print (emp.getName() + ": " + emp.getManager().getName());7 for ( Proje
t proj : emp.getProje
ts ()) f8 printProje
t (prog);9 g10 g Fig. 1. Java 
ode using fet
h in a Hibernate queryWhile spe
ifying prefet
h manually in a query 
an signi�
antly improve per-forman
e, 
orre
t prefet
h spe
i�
ations are diÆ
ult to write and maintain man-ually. The prefet
h de�nitions (line 2) in the query must 
orrespond exa
tly tothe 
ode that uses the results of the query (lines 6 through 8).It 
an be diÆ
ult to determine exa
tly what related obje
ts should be prefet
hed.Doing so requires knowing all the operations that will be performed on the resultsof a query. Modularity 
an interfere with this analysis. For example, the 
odein Figure 1 
alls a printProje
t method whi
h 
an 
ause additional navigationsfrom the proje
t obje
t. It may not be possible to stati
ally determine whi
hrelated obje
ts are needed. This 
an happen if 
lass fa
tories are used to 
reateoperation obje
ts with unknown behavior, or if 
lasses are loaded dynami
ally.As a program evolves, the 
ode that uses the results of a query may be
hanged to in
lude additional navigations, or remove navigations. As a result, thequery must be modi�ed to prefet
h the obje
ts required by the modi�ed program.This signi�
antly 
ompli
ates evolution and maintenan
e of the system. If a
ommon query is reused in multiple 
ontexts, it may need to be 
opied in orderto spe
ify di�erent prefet
h behaviors in ea
h 
ase.Sin
e the prefet
h annotations only a�e
t performan
e, it is diÆ
ult to testor validate that they are 
orre
t { the program will 
ompute the same resultseither way, although performan
e may di�er signi�
antly.In this paper we present and evaluate AutoFet
h, whi
h uses traversalpro�ling to automate prefet
h in obje
t persisten
e ar
hite
tures. AutoFet
hre
ords whi
h asso
iations are traversed when operating on the results of a query.This information is aggregated to 
reate a statisti
al pro�le of appli
ation behav-ior. The statisti
s are used to automati
ally prefet
h obje
ts in future queries.In 
ontrast, previous work fo
used on pro�ling appli
ation behavior in the
ontext of a single query. While this allowed systems su
h as Prefet
hGuide [13℄to prefet
h obje
ts on the initial exe
ution of query, AutoFet
h has severaladvantages. AutoFet
h 
an prefet
h arbitrary traversal patterns in additionto re
ursive and iterative patterns. AutoFet
h 
an also exe
ute fewer querieson
e patterns a
ross queries are dete
ted. AutoFet
h's disadvantage of not
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hing by Traversal Pro�ling 3optimizing initial query exe
utions 
an be eliminated by 
ombiningAutoFet
hwith previous work.When applied to an unoptimized version of the Torpedo ben
hmark, Aut-oFet
h performs as well as a hand-tuned version. For the OO7 ben
hmark,AutoFet
h eliminates up to 99.8% of queries and improves performan
e by upto 99.7%. We also examined the software engineering bene�ts of AutoFet
h,by showing that a modular version of a web-based resume appli
ation usingAutoFet
h performs as well as a less-modular, hand-optimized version.2 Ba
kgroundThe obje
t persisten
e ar
hite
tures examined in this paper 
ombine elements oforthogonal persisten
e [1℄ with the pragmati
 approa
h of relational data a

esslibraries, also known as 
all level interfa
es [30℄.Orthogonal persisten
e states that persisten
e behavior is independent of(orthogonal to) all other aspe
ts of a system. In parti
ular, any obje
t 
an bepersistent, whether an obje
t is persistent does not a�e
t its other behaviors,and an obje
t is persistent if it is rea
hable from a persistent root. Orthogonalpersisten
e has been implemented, to a degree, in a variety of programminglanguages [25, 2, 19, 22℄.A key 
hara
teristi
 of orthogonal persisten
e is that obje
ts are loaded whenneeded. Using a referen
e in an obje
t is 
alled traversing the referen
e, or nav-igating between obje
ts { su
h that the target obje
t is loaded if ne
essary. Weuse the term navigational query to refer to queries that are generated impli
itlyas a result of navigation.Relational data a

ess libraries are a pragmati
 approa
h to persisten
e: theyallow exe
ution of arbitrary SQL queries, and the queries 
an return any 
om-bination of data that 
an be sele
ted, proje
ted, or joined via SQL. Examplesin
lude ODBC [15℄ and JDBC [12℄. The 
lient appli
ation determines how theresults of a query are used { ea
h row of the query result may be used as is,or it may be mapped to obje
ts. Sin
e data is never loaded automati
ally, theprogrammer must spe
ify in a query all data required for an operation { the
on
ept of prefet
hing data that might be loaded automati
ally does not apply.The obje
t persisten
e ar
hite
tures 
onsidered in this paper are hybrids oforthogonal persisten
e and data a

ess libraries. Examples in
lude EJB [24℄,JDO [28℄, Hibernate [6℄, and Toplink [10℄. They support automati
 loading ofobje
ts as needed. But they also in
lude query languages and the ability to man-ually prefet
h related obje
ts. While query languages 
an signi�
antly in
reaseperforman
e, they redu
e orthogonality be
ause they are spe
ial operations thatonly apply to persistent data.For example, in EJB 2.1, a query 
an return obje
ts or a value:sele
t obje
t(p) from Person p where p.�rstName="John"The set of obje
ts loaded by a query are 
alled root obje
ts. Use of the rootobje
ts may result in navigation to related obje
ts, ea
h of whi
h will require anadditional query to load.



4 Ali Ibrahim & William R. CookIn 
lient-server ar
hite
tures, the 
ost of exe
uting a query, whi
h involves around-trip to a database, typi
ally dominates other performan
e measures. Thisis be
ause the laten
y 
ost of 
ommuni
ating with the database is signi�
antlygreater than the 
ost of pro
essing the query or produ
ing results [4℄. Other fa
-tors, like number of joins or subqueries, or the number of 
olumns returned forma query, are insigni�
ant 
ompared to laten
y. The relative impa
t of laten
y onsystem performan
e is likely to in
rease, given that improvements in laten
y lagimprovements in bandwidth and pro
essing power [27℄. As a result, number ofqueries will in
reasingly dominate all other 
on
erns. In e�e
t, overall responsetime is dire
tly related to the number of queries exe
uted in a task.Obje
t persisten
e ar
hite
tures have developed a variety of me
hanismsfor avoiding navigational queries, by allowing programmers to manually spe
-ify prefet
h of related obje
ts. Prefet
h of related obje
ts is espe
ially importantin addressing the n + 1 sele
t problem in whi
h a related obje
t is a

essed forea
h result of a query. Without prefet
h, if there are n results for a query, thenthere will be n + 1 loads. Most JDO vendors extended the standard to allowprefet
h to be spe
i�ed at the 
lass level. Hibernate, and now EJB 3.0, allowprefet
h to be spe
i�ed within ea
h query using the fet
h keyword. Using fet
h ,a query 
an spe
ify whi
h related obje
ts to load along with the root obje
ts.These related obje
ts 
an be either single obje
ts or 
olle
tions of related obje
ts,depending on whether the asso
iation is single- or multi-valued. For example,this EJB 3.0 query returns a 
olle
tion of persons where the 
hildren have beenfet
hed as well:sele
t distin
t p from Person p left join fet
h p. 
hildrenwhere p.�rstName=JohnPrevious versions of Hibernate only allowed one 
olle
tion prefet
h, however,Hibernate 3.1 allows multiple 
olle
tions prefet
hes. Hibernate exe
utes a querywith a prefet
h by augmenting the query with an appropriate join. This strat-egy 
auses the data for the 
ontainer obje
t to be repli
ated when a 
olle
tionasso
iation is fet
hed. For a nested 
olle
tion, the root 
ontainer is repli
atedon
e for ea
h 
ombination of sub
olle
tion and sub-sub
olle
tion items. Thusrepli
ation is multiplied with ea
h level of sub
olle
tion. Independent fet
h 
ol-le
tions are espe
ially expensive be
ause they 
ause the result set to in
lude the
ross-produ
t of independent 
olle
tion hierar
hy elements. If Hibernate used adi�erent query strategy that allowed for multiple SQL queries to be exe
uted,while 
orrelating the results in the 
lient, then this problem 
ould be eliminated.Safe Query Obje
ts are a type-safe alternative to string-based query inter-fa
es [7℄. Safe queries use methods in standard obje
t-oriented languages to spe
-ify query 
riteria and sorting, so that a query is simply a 
lass. Unlike string-based query languages, there is no natural pla
e to spe
ify prefet
h in a SafeQuery. Thus Safe Queries would bene�t signi�
antly from automati
 prefet
h-ing.
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hing by Traversal Pro�ling 53 Automating Prefet
hIn this se
tion we present AutoFet
h, a solution to the problem of manualprefet
h in obje
t persisten
e ar
hite
tures. Instead of the programmer manuallyspe
ifying prefet
hes, AutoFet
h adds prefet
h spe
i�
ations automati
ally.By pro�ling traversals on query results, AutoFet
h determines the prefet
hesthat 
an help redu
e the number of navigational queries, i.e. queries exe
uted asa program traverses an asso
iation.To formalize this approa
h, we de�ne type and obje
t graphs as an abstra
trepresentation of persistent data. A type graph represents the 
lass model, orstru
ture of the database. Obje
t graphs represent data. A 
omplete databaseis represented as an obje
t graph. Queries are fun
tions whose range is a set ofsubgraphs of the database obje
t graph.Traversals represent the graph of obje
ts and asso
iations that are a
tuallyused in pro
essing ea
h result of a query. These traversals are aggregated intotraversal pro�les, whi
h maintain statisti
s on the likelihood of traversing spe
i�
asso
iations. Queries are 
lassi�ed into query 
lasses based on a heuristi
 thatgroups queries that are likely to have similar traversals.For ea
h query exe
uted, AutoFet
h 
omputes a prefet
h spe
i�
ationbased on the traversal pro�le for the query 
lass. The prefet
h spe
i�
ationis in
orporated into the query and exe
uted by the underlying database.3.1 Pro�ling TraversalsIn this se
tion we develop a model for pro�ling the traversals performed byan obje
t-oriented appli
ation. The 
on
ept of pro�ling is well known [3, 11℄;it involves 
olle
ting statisti
s about the behavior of a program. Pro�ling istypi
ally used to tra
k 
ontrol 
ow in an appli
ation { to �nd hot spots or
ompute 
ode 
overage. In this paper, pro�ling is used to tra
k data a

esspatterns { to identify what subset of a database is needed to perform a givenoperation.We develop a formal model for types, obje
ts, queries, and traversals. Thetype and obje
t models are derived from work on adaptive programming [18℄.Type Graph: Let T be the �nite set of type names and F be the �nite set of�eld names. A type graph is a dire
ted graph GT = (T;A).{ T is a set of types.{ A is a partial fun
tion T � F ?! T � fsingle; 
olle
tiong representing a setof asso
iations between types. Given types t and t0 and �eld f , if A(t; f) =(t0;m) then there is an asso
iation from t to t0 with name f and 
ardinalitym, where m indi
ates whether the asso
iation is a single- or multi-valuedasso
iation.Inheritan
e is not modeled in our type graph be
ause it is orthogonal toprefet
h. Bi-dire
tional asso
iations are supported through two uni-dire
tional
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iations. Figure 2 shows a sample type graph. There are three types: Em-ployee, Department, and Company. Ea
h 
ompany has a set of departments anda CEO, ea
h department has a set of employees, and ea
h employee may have asupervisor. The formal representation is:T = fDepartment, Employee, CompanygF = femployees, departments, CEO, supervisorgA(Department, employees) 7! (Employee, 
olle
tion)A(Company, departments) 7! (Department, 
olle
tion)A(Company, CEO) 7! (Employee, single)A(Employee, supervisor) 7! (Employee, single)
Fig. 2. Simple Type Graph with three types: Employee, Department, and Company.Solid lines represent single asso
iations, while dashed lines represent 
olle
tion asso
i-ations.Obje
t Graph: Let O be the �nite set of obje
t names. An obje
t graph is adire
ted graph GO = (O;E;GT = (T;A);Type). GT is a type graph and Type isa unary fun
tion that maps obje
ts to types. The following 
onstraints must besatis�ed in the obje
t graph GO :{ O represents a set of obje
ts.{ Type : O ! T . The type of ea
h obje
t in the obje
t graph must exist inthe type graph.{ E : O�F ?! powerset(O), the edges in the graph are a partial fun
tion froman obje
t and �eld to a set of target obje
ts.{ 8o; f : E(o; f) = S� A(Type(o); f) = (T 0;m)� 8o0 2 S;Type(o0) = T 0.� if m = single , then jSj = 1.Ea
h edge in the obje
t graph 
orresponds to an edge in the type graph,single asso
iations have exa
tly one target obje
t.An example obje
t graph is shown in Figure 3 whi
h is based on the typegraph in Figure 2. Edges that 
ontain a dark oval represent 
olle
tion asso
ia-tions. Null-valued single asso
iations are not represented by edges in the obje
t
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olle
tion asso
iations are represented as edges whosetarget is an empty set. We 
hose this representation be
ause most obje
t persis-ten
e ar
hite
tures represent asso
iations as a referen
e to a single target obje
tor 
olle
tion. A null-valued asso
iation is usually represented as a spe
ial ref-eren
e in the sour
e obje
t. This means that the persisten
e ar
hite
ture 
antell if a single-valued asso
iation is null without querying the database. On theother hand, the persisten
e ar
hite
ture will query the database if a 
olle
tionasso
iation referen
e is empty, be
ause the 
olle
tion referen
e does not have anyinformation on the 
ardinality of the 
olle
tion. The ability to represent traver-sals to empty 
olle
tions is important when we dis
uss traversals in Se
tion 3.1,be
ause it allowsAutoFet
h to represent navigational queries that load empty
olle
tions.

Fig. 3. An example of an obje
t graph based on the type graph in Figure 2. Colle
tionasso
iations 
ontain an oval in the middle of the edge.Queries A query is a fun
tion that returns a subgraph of the database obje
tgraph. The subgraph 
onsists of a set of 
onne
ted obje
t graphs ea
h of whi
hhas a distinguished root obje
t. The de�nition of every query in
ludes an extenttype and 
riteria. The extent type is the type of all the root obje
ts. The 
riteriaare the 
onditions that an obje
t satis�es to be returned as a root obje
t.Our approa
h to prefet
hing is independent of a parti
ular query language,however, the query language must support an obje
t-oriented view of persistentdata, and the underlying persisten
e data store must allow prefet
hing asso
ia-tions of the extent type.



8 Ali Ibrahim & William R. CookQueries are exe
uted by the program to return their results. However, queriesare �rst-
lass values, be
ause they 
an be dynami
ally 
onstru
ted or passed orreturned from pro
edures. A single program point 
ould exe
ute di�erent queries,depending on the program 
ow.Traversals A traversal 
aptures how the program navigates the obje
t graphsthat the query returns. A program may traverse all the obje
ts and asso
iationsin the result of the query, or it may traverse more or less. Only program navi-gations that would result in a database load for the query without prefet
h arein
luded in the traversal.A traversal is represented as a forest where ea
h tree's root is a root obje
tin the result of a query and ea
h tree is a subgraph of the entire obje
t graph.Let R denote a single tree from the traversal on the obje
t graph GO = (O;E).R = O � (F ! fRg) where (o; (f; r)) 2 R implies jE(o; f)j = jrjIf the program navigates to the same obje
t multiple times in a traversal, onlythe shortest path from the root of the traversal is in
luded in R. Figure 4 showsa sample traversal on the obje
t graph in Figure 3 for a query whi
h returned 3departments: d1; d2; d3. Edges with dark ovals represent 
olle
tion asso
iations.If a program navigates an asso
iation, it may not be in
luded in the traversalif it would not result in database load. An asso
iation navigation does not resultin a database load in three 
ases:{ The asso
iation is a null-valued single asso
iation.{ The asso
iation is a single valued asso
iation whose target had already beennavigated to from the root obje
t with a shorter path.{ The asso
iation's target was 
a
hed by the program.If a program navigates an empty 
olle
tion asso
iation, there will be a databasequery and the navigation will be in
luded in the traversal. The last item illus-trates an interesting link between 
a
hing and query exe
ution; AutoFet
h isable to adapt to the 
a
hing me
hanism of the appli
ation by adjusting queryprefet
h to ignore asso
iations that are likely to be 
a
hed.An important point is that a single query may be used in di�erent 
ontextsthat generate di�erent traversals. This will 
ommonly happen if a library fun
-tion runs a query to load a set of obje
ts, but this library fun
tion is 
alledfrom multiple transa
tions. Ea
h transa
tion will have a di�erent purpose andtherefore may traverse di�erent asso
iations.Traversal Pro�les A traversal pro�le represents the aggregation of the traver-sals for a set of queries. Ea
h traversal pro�le is a tree representation of all theprevious traversals mapped to the type graph. Let P represent a traversal pro�lefor a type graph GT = (T;A):P = T �N �N � (F ! P )
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Fig. 4. An example of a traversal on the obje
t graph in Figure 3. Colle
tion asso
ia-tions 
ontain an oval in the middle of the edge.su
h that for all (t; used ; potential ; (f; p)) 2 P1. A(t; f) is de�ned2. used � potential .Ea
h node in the tree 
ontains statisti
s on the traversals to this node: thenumber of times this node needed to be loaded from the database (used), and thenumber of opportunities the program had to load this node from the database(potential), i.e. the number of times the program had a dire
t referen
e to anobje
t representing this node.Algorithm 1 
ombine((o;AO); (used ; potential ; t;AP))for all (f; (used ; potential ; t;A)) 2 AO dow(f) = (used ; potential + 1; t; A)end forfor all f; P 2 AP dofor all r 2 AO(f) dow(f) = 
ombine(r; w(f));end forend forreturn (used + 1; potential ; t; w)The traversal, a forest of obje
t trees R, is 
ombined with a traversal pro�leby 
ombining ea
h obje
t tree R in the traversal with the pro�le using a fun
tion
ombine (R � P ! P ). The 
ombination algorithm is straightforward. Given atraversal and traversal pro�le, 
ombine in
rements the used statisti
 for the rootof the traversal pro�le and the potential statisti
 for all the 
hildren of the root.The 
ombine method is then re
ursively 
alled for ea
h 
hild traversal pro�le and
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Fig. 5. Traversal pro�le for query 
lass after traversal in Figure 4. Statisti
s are repre-sented as (used/potential).its mat
hing (same asso
iation) 
hildren of the root node in R. The statisti
sfor the root node of the traversal pro�le are ignored sin
e they represent thestatisti
s for the root obje
ts returned by a query and AutoFet
h assumesthose obje
ts should always be fet
hed. Figure 5 shows a traversal pro�le updatedfrom an empty traversal pro�le and the traversal in Figure 4. The traversal pro�lestatisti
s are given above ea
h type as (used/potential).3.2 Query Classi�
ationQuery 
lassi�
ation determines a set of queries that share a traversal pro�le. Theaim of query 
lassi�
ation is to group queries whi
h are likely to have similartraversals. A simple 
lassi�
ation of queries is to group all queries that have thesame query string. There are several reasons why this is not e�e
tive.First, a given query may be used to load data for several di�erent operations.Sin
e the operations are di�erent, the traversals for these operations may be dif-ferent as well. This situation typi
ally arises when query exe
ution is 
entralizedin library fun
tions that are 
alled from many parts of a program. Classifyingbased only on the 
riteria will not distinguish between these di�erent uses ofa query, so that very di�erent traversals may be 
lassi�ed as belonging to the
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lass. This may lead to poor predi
tion of prefet
h. The 
lassi�
ation inthis 
ase is too 
oarse.A se
ond problem is that query 
riteria are often 
onstru
ted dynami
ally. Ifea
h set of 
riteria is 
lassi�ed as a separate query, then 
ommonality betweenoperations may not be identi�ed. At the limit, every query may be di�erent,leading to a failure to gather suÆ
ient data to predi
t prefet
h.Queries may also be 
lassi�ed by the program state when the query is exe-
uted. This is motivated by the observation that traversals are determined bythe 
ontrol 
ow of the program after query exe
ution. Program state in
ludesthe 
urrent 
ode line, variable values, library bindings, et
. Classifying queriesbased on the entire program state is infeasible as the program state may be verylarge and will likely be di�erent for every query. However, a set of salient featuresof the program state 
an be reasonable both in memory and 
omputation. Com-putation refers to 
ost of 
omputing the program state features when a query isinvoked.The line number where a query is exe
uted is a simple feature of the programstate to 
al
ulate and has a small 
onstant memory size, however, it does not
apture enough of the program state to a

urately determine the traversal of thequery results. Spe
i�
ally the problem is that line number where the query isexe
uted does not provide enough information on how the results of the querywill be used outside of the invoking method.The natural extension to the using the line number where the query is exe-
uted is using the entire 
all sta
k when the query is exe
uted. Our hypothesis isthat the 
all sta
k gives more information about the future 
ontrol 
ow, be
auseit is highly likely that the 
ontrol 
ow will return through the methods in the
all sta
k. The 
all sta
k as the salient program state feature is easy to 
omputeand bounded in size. In the programs we have 
onsidered, we have found thatthe 
all sta
k 
lassi�es queries at an appropriate granularity for prefet
h.Unfortunately, a 
all sta
k with line numbers will 
lassify 2 queries withdi�erent extent types together if the 2 queries o

ur on the same line. To addressthis, AutoFet
h uses the pair of the query string and the 
all sta
k when thequery is exe
uted to 
lassify queries. This limitsAutoFet
h's ability to prefet
hfor dynami
 queries. Optimally, the 
all sta
k would 
ontain information on theexa
t program statement being exe
uted at ea
h frame.3.3 Predi
ting TraversalsGiven that an operation typi
ally traverses a similar 
olle
tion of obje
ts, it ispossible to predi
t future traversals based on the pro�ling of past traversals.The predi
ted traversal provides a basis to 
ompute the prefet
h spe
i�
ation.The goal of the prefet
h spe
i�
ation is to minimize the time it will take toperform the traversal. A program will be most eÆ
ient if ea
h traversal is equalto the query result obje
t graph, be
ause in this 
ase only one round-trip tothe database will be required and the program will not load any more informa-tion from the database than is needed. The heuristi
 used in AutoFet
h is to
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h any node in the traversal pro�le for whi
h the probability of traversalis above a 
ertain threshold.Before ea
h query exe
ution, AutoFet
h �nds the traversal pro�le asso
i-ated with the query 
lass. If no traversal pro�le is found, a new traversal pro�leis 
reated and no prefet
hes are added to the query. Otherwise, the existingtraversal pro�le is used to 
ompute the prefet
h spe
i�
ation.First, the traversal pro�le is trimmed su
h that the remaining tree only 
on-tains the asso
iations that will be loaded with high probability (above a setthreshold) given that the root node of the traversal pro�le has been loaded. Forea
h node n and its parent node p(n) in the traversal pro�le, the probability thatthe asso
iation between n and p(n) will be traversed given that p(n) has beenloaded 
an be estimated as used(n)=potential(n). Using the rules of 
onditionalprobability, the probability that the asso
iation is navigated given that the rootnode is loaded is: f(n) = (used(n)=potential (n)) � f(p(n))The base 
ase is that the f(root) in the traversal pro�le is 1. A depth �rsttraversal 
an 
al
ulate this probability for ea
h node without re
omputing anyvalues. This 
al
ulation ensures that traversal pro�le nodes are prefet
hed onlyif their parent node is prefet
hed, be
ause f(n) � f(p(n)).Se
ond, if there is more than one 
olle
tion path in the remaining tree, anarbitrary 
olle
tion path is 
hosen and other 
olle
tion paths are removed. Col-le
tion paths are paths from the root node to a leaf node in the tree that 
ontainat least 1 
olle
tion asso
iation. This is to avoid 
reating a query whi
h joinsmultiple many-valued asso
iations.The prefet
h spe
i�
ation is a set of prefet
h dire
tives. Ea
h prefet
h dire
-tive 
orresponds to a unique path in the remaining tree. For example, given thetraversal pro�le in Figure 5 and the prefet
h threshold of 0.5, the prefet
h spe
-i�
ation would be: (employees, employees.supervisor, 
ompany). The query isaugmented with the 
al
ulated prefet
h spe
i�
ation. Regardless of the prefet
hspe
i�
ation, pro�ling the query results remains the same.4 ImplementationThe implementation of AutoFet
h is divided into a traversal pro�le moduleand an extension to Hibernate 3.1, an open sour
e Java ORM tool.4.1 Traversal Pro�le ModuleThe traversal pro�le module maintains a 1-1 mapping from query 
lass to traver-sal pro�le. When the hibernate extension asks for the prefet
h spe
i�
ation for aquery, the module 
omputes the query 
lass whi
h is used to lookup the traversalpro�le whi
h is used to 
ompute the prefet
h spe
i�
ation. The module 
omputesthe query 
lass as the pair of the query string and the 
urrent program sta
k
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e and uses this as the key to lookup the traversal pro�le. To de
rease thememory requirements for maintaining the set of query 
lasses, ea
h sta
k tra
e
ontains a maximum number of frames. If a sta
k tra
e is larger than this limit,AutoFet
h removes top-level frames until the sta
k tra
e is under the limit.Ea
h frame is a string 
ontaining the name of a method and a line number. Ifa traversal pro�le does not exist for a query 
lass, the module adds a mappingfrom that query 
lass to an empty traversal pro�le. Finally, the module 
omputesa prefet
h spe
i�
ation for the query using the traversal predi
tion algorithm inSe
tion 3.3 applied to the traversal pro�le.4.2 HibernateHibernate was modi�ed to in
orporate prefet
h spe
i�
ations and to pro�letraversals of its query results. The initial AutoFet
h implementation used Hi-bernate 3.0 whi
h did not support multiple 
olle
tion prefet
hes. Fortunately, Hi-bernate 3.1 
ontains support for multiple 
olle
tion prefet
hes and AutoFet
hwas migrated to this version. Support for multiple 
olle
tion prefet
hes turns outto be 
riti
al for improving performan
e in some of the evaluation ben
hmarks.Hibernate obtains the prefet
h spe
i�
ation for a query from the traversalpro�le module. The 
ode in Figure 6 illustrates how a HQL query is modi�ed toin
lude prefet
hes and the SQL generated by Hibernate. Queries whi
h already
ontain a prefet
h spe
i�
ation are not modi�ed or pro�led allowing the program-mer to manually spe
ify prefet
h. The hibernate extensions pro�le traversals byinstrumenting ea
h persistent obje
t with a dynami
ally generated proxy. Theproxy inter
epts all method 
alls to the obje
t and if any obje
t state is a

essedthat will require a database load, the proxy in
rements the appropriate node inthe traversal pro�le for the query 
lass. Hibernate represents single asso
iationreferen
es with a key. Therefore, a

essing the key is not 
onsidered as an obje
ta

ess be
ause it never requires a database query. Colle
tions are instrumentedby modifying the existing Hibernate 
olle
tion 
lasses. Although there is a per-forman
e penalty for this type of instrumentation, we found that this penaltywas not noti
eable in exe
uting queries in our ben
hmarks. This performan
epenalty may be ameliorated through sampling, i.e. only instrumenting a 
ertainper
entage of queries. The AutoFet
h prototype does not support all of Hi-bernate's features. For example, AutoFet
h does not support prefet
hing orpro�ling for data models whi
h 
ontain weak entities or 
omposite identi�ers.Support for these features was omitted for simpli
ity.5 EvaluationWe evaluated AutoFet
h using the Torpedo and OO7 ben
hmarks. The Tor-pedo ben
hmark measures on the number of queries that an ORM tool exe
utesin a simple au
tion appli
ation, while the OO7 ben
hmark examines the per-forman
e of obje
t-oriented persisten
e me
hanisms for an idealized CAD (
om-puter assisted design) appli
ation. We also examined the software engineeringbene�ts of avoiding manual spe
i�
ation of prefet
hes in a resume appli
ation.



14 Ali Ibrahim & William R. CookOriginal queryHQL:from Department d where d.name = 'foo'SQL:sele
t � from Department as d where d.name = 'foo'Query with a single prefet
hHQL:from Department dleft outer join fet
h d.employees where x.name = 'foo'SQL:sele
t � from Department as dleft outer join Employee as e on e.deptId = d.idwhere d.name = 'foo'Fig. 6. Augmenting queries with prefet
h spe
i�
ations.Both ben
hmarks were exe
uted on an Intel r
Pentium r
4 2.8 GHz ma
hinewith 1 Gb of RAM. The OO7 ben
hmark 
onne
ts to a database on a separatema
hine, an Intel r
Pentiumr
4 2.4 Ghz ma
hine with 885 Mb of RAM on thesame University of Texas Computer S
ien
e department lo
al area network. TheAutoFet
h parameters maximum extent level and sta
k frame limit were setto 12 and 20 respe
tively unless otherwise noted. The ben
hmarks did not useany 
a
hing a
ross transa
tions.5.1 Torpedo Ben
hmarkThe Torpedo ben
hmark [23℄ measures the number of SQL statements exe
utedby an ORM tool over a set of test 
ases. The ben
hmark 
onsists of a Java 
lientand a J2EE au
tion server. The 
lient issues requests to the au
tion server,su
h as pla
ing a bid or retrieving information for a parti
ular au
tion. Thereare seven 
lient test 
ases whi
h were designed to test various aspe
ts of themapping tool su
h as 
a
hing or prefet
hing. The number of SQL statementsexe
uted is used as the measure of the performan
e of the mapping tool. Theben
hmark 
an be 
on�gured to use di�erent obje
t-relational mapping tools(EJB, JDO, Hibernate) as the persisten
e ba
kend.We 
reated two versions of the Hibernate persisten
e ba
kend, the originaltuned ba
kend in
luded with the ben
hmark and that same ba
kend minus theprefet
h dire
tives. The latter ba
kend 
an be 
on�gured to have AutoFet
henabled or disabled.We ran the Torpedo ben
hmark for ea
h version and possibleoptions three times in su

ession. The results of the �rst and third iterations are
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ond run was omitted in the graph sin
e the �rst andse
ond iterations produ
e the same results. A single set of iterations is suÆ
ient,be
ause the ben
hmark is deterministi
 with respe
t to the number of queries.

Fig. 7. Torpedo ben
hmark results. The y-axis represents the number of queries exe-
uted. Maximum extent level is 12.As Figure 7 shows, the prefet
h dire
tives redu
e the number of queriesexe
uted. Without either the prefet
h dire
tives nor AutoFet
h enabled theben
hmark exe
uted three times as many queries. Without prefet
h dire
tivesbut with AutoFet
h enabled, the ben
hmark exe
utes many queries on the�rst and se
ond iterations; however, from the third iteration (and onward) itexe
utes as many queries as the version with programmer-spe
i�ed prefet
hes.A simple query 
lassi�
ation method using the 
ode line where the querywas exe
uted as the query 
lass would not have been suÆ
ient to mat
h theperforman
e of manually spe
i�ed prefet
hes for this ben
hmark. For example,the �ndAu
tion method is used to load both detailed and summary informationabout an au
tion. The detailed au
tion information in
ludes traversing severalasso
iations for an au
tion su
h as the au
tion bids. The summary au
tion infor-mation only in
ludes �elds of the au
tion obje
t su
h as the au
tion id or date.These di�erent a

ess patterns require di�erent prefet
hes even though they usethe same ba
kend fun
tion to load the au
tion.5.2 OO7 Ben
hmarkThe OO7 ben
hmark [5℄ was designed to measure the performan
e of OODBmanagement systems. It 
onsists of a series of traversals, queries, and stru
tural



16 Ali Ibrahim & William R. CookTable 1. Comparison with prefet
h disabled and with AutoFet
h. Maximum extentlevel is 12. Small OO7 ben
hmark. Metri
s for ea
h query/traversal are average numberSQL queries and average time in millise
onds. Per
entages are for per
ent improvementof AutoFet
h over baseline.Query Iteration No Prefet
h AutoFet
hqueries ms queries % ms %Q1 1 11 45 11 { 43 (4%)2 11 44 11 { 43 (2%)3 11 43 11 { 43 {Q2 1 2 10 2 { 9 (10%)2 2 10 2 { 10 {3 2 11 2 { 10 (9%)Q3 1 2 59 2 { 58 (2%)2 2 89 2 { 59 (34%)3 2 58 2 { 60 -(3%)Q6 1 2 70 2 { 69 (1%)2 2 66 2 { 65 (2%)3 2 67 2 { 81 -(21%)Q7 1 2 532 2 { 504 (5%)2 2 472 2 { 508 -(8%)3 2 498 2 { 471 (5%)Q8 1 2 43 2 { 48 -(12%)2 2 46 2 { 46 {3 2 48 2 { 44 (8%)T1 1 3096 21750 2909 (6%) 20875 (4%)2 3096 22160 2907 (6%) 20694 (7%)3 3096 21009 38 (98.8%) 248 (98.8%)T6 1 1146 8080 1099 (4%) 8266 -(2%)2 1146 7900 1096 (4%) 8115 -(3%)3 1146 7831 2 (99.8%) 21 (99.7%)T8 1 2 36 2 { 38 -(6%)2 2 46 2 { 36 (22%)3 2 36 2 { 40 -(11%)T9 1 2 40 2 { 35 (13%)2 2 44 2 { 38 (14%)3 2 40 2 { 36 (10%)RT 1 10 63 4 (60%) 43 (32%)2 10 63 3 (70%) 39 (38%)3 10 61 3 (70%) 39 (36%)
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ations performed on databases of varying sizes and statisti
al properties.We implemented a Java version of the OO7 ben
hmark based on 
ode pub-li
ly available from the ben
hmark's authors. Following the lead in Han [13℄, weomitted all stru
tural modi�
ation tests as well as any traversals that in
ludedupdates, be
ause updates have no e�e
t on AutoFet
h behavior and other-wise these traversals were not qualitatively di�erent from the in
luded traversals.Q4 was omitted be
ause it requires using the medium or large OO7 databases.Traversal CU was omitted be
ause 
a
hing and AutoFet
h are orthogonal,and the traversal's performan
e is very sensitive to the exa
t 
a
hing poli
y.Only a few of the OO7 operations involve obje
t navigation, whi
h 
an beoptimized by AutoFet
h. Traversal T1 is a 
omplete traversal of the OO7obje
t graph, both the assembly and part hierar
hies. Traversal T6 traverses theentire assembly hierar
hy, but only a

esses the 
omposite and root atomi
 partsin the part hierar
hy. Traversal T1 has a depth of about 29 while Traversal T6has a depth of about 10. Neither the queries nor traversals T8 or T9 performnavigation; however, they are in
luded to dete
t any performan
e penalties fortraversal pro�ling.We added a reverse traversal, RT, whi
h 
hooses atomi
 parts and �ndstheir root assembly, asso
iated module, and asso
iated manual. Su
h traversalswere omitted from the OO7 ben
hmark be
ause they were 
onsidered not toadd anything to the results. They are signi�
ant in the 
ontext of prefet
h,sin
e single-valued asso
iations 
an be prefet
hed more easily than multi-valuedasso
iations.Table 1 summarizes the results of the OO7 ben
hmark. Neither the queriesnor traversals T8 or T9 show any improvement with prefet
h enabled. This is tobe expe
ted sin
e they do not perform any navigational queries. These queriesare in
luded for 
ompleteness, and to show that AutoFet
h does not have highoverhead when not needed.Both traversals T1 and T6 show a large improvement in the number of queriesand time to exe
ute the traversal. T6 shows a larger improvement than T1 eventhough T1 is a deeper traversal, be
ause some of the time exe
uting traversalT1 is spent traversing the obje
t graph in memory; repeatedly traversing thepart hierar
hies. The number of queries and the time to exe
ute a traversalare tightly 
orrelated as expe
ted. Both T1 and T6 are top-down hierar
hi
altraversals whi
h require multiple 
olle
tion prefet
hes to exe
ute few queries.Table 2 shows a 
omparison of the number of queries exe
uted by AutoFet
hwith Hibernate 3.1 and AutoFet
h with Hibernate 3.0 whi
h was unable toTable 2. The number of queries exe
uted by AutoFet
h with Hibernate 3.0 andAutoFet
h with Hibernate 3.0 for traversals T1, T6, and RT. Only 3rd iterationshown. Maximum extent level is 12. Small OO7 ben
hmark.AutoFet
h Version T1 T6 RTAutoFet
h with Hibernate 3.0 2171 415 3AutoFet
h with Hibernate 3.1 38 2 3
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h multiple 
olle
tion asso
iations. The ability to fet
h multiple 
olle
tionasso
iations had a greater e�e
t on deep traversals su
h as T1 and T6 than onshallow traversals su
h as RT.Figure 8 shows that the maximum depth of the traversal pro�le is importantto the performan
e of prefet
h system in the presen
e for deep traversals. Thetradeo� for in
reasing the maximumdepth of the traversal pro�le is an in
rease inthe memory requirements to store traversal pro�les. It should be noted that deeptraversals su
h as T1 and T6 in OO7 are relatively rare in enterprise businessappli
ations.

Fig. 8. Varying maximum extent level from 5 to 15. Only 3rd iteration shown. SmallOO7 database.5.3 Resume Appli
ationIn addition to the syntheti
 ben
hmarks, we applied AutoFet
h to a resumeappli
ation that uses the AppFuse framework [29℄. AppFuse is a template for amodel-view-
ontroller (MVC) ar
hite
ture that integrates many popular Java li-braries and tools. AppFuse in
ludes a 
exible data layer whi
h 
an be 
on�guredto use one of several persisten
e providers. Users of the framework de�ne inter-fa
es for data a

ess obje
ts (DAO) that are implemented using the persisten
eprovider.Hibernate is used as the persisten
e provider in the sample resume appli-
ation. The resume appli
ation data model is 
entered around a Resume 
lass.A Resume 
ontains basi
 resume data �elds and asso
iations to related obje
ts,
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luding edu
ation listings, work experien
es, and referen
es. The ResumeDAO
lass in
ludes methods to load and store resumes. A simple implementation of theResumeDAO and Resume 
lasses is shown in Fig 9. The ResumeDAO.getResume(Long)method loads a resume without prefet
hing any of its asso
iated obje
ts. To loadthe work experien
e in a resume, a programmer �rst uses ResumeDAO to loadthe resume, and then getExperien
es () to load the work experien
e.interfa
e ResumeDAO fResume getResume(Long resumeId);...g
lass Resume fList getEdu
ations () f ... gList getExperien
es () f ... gList getReferen
es () f ... g...g Fig. 9. Struts resume 
ode without any optimizationsAlthough this implementation is very natural, it is ineÆ
ient be
ause theresume appli
ation has several pages that display exa
tly one kind of asso
iatedobje
t; a page for work experien
e, a page for referen
es, et
. For these pages,the appli
ation would exe
ute 2 queries: one to load the resume and another toload the asso
iated obje
ts. There are several alternative implementations:1. Modify the ResumeDAO.getResume(Long) method to prefet
h all asso
ia-tions.2. Add ResumeDAO methods whi
h load a resume with di�erent prefet
h di-re
tives.3. Add ResumeDAO methods whi
h dire
tly load asso
iated obje
ts withoutloading the resume �rst.The a
tual implementation uses the third approa
h. The �rst alternativealways loads too mu
h data and would be infeasible if the data model 
on-tained 
y
les. The other two alternatives are fragile and redundant. For exam-ple, if a new user interfa
e page was added to the appli
ation that displayedtwo resume asso
iations, then a new method would have to be added to theResumeDAO 
lass. The 
ode is also redundant be
ause we have to 
opy either theResumeDAO.getResume(Long) method in the se
ond alternative or the Resumegetter methods in the third alternative. By in
orporating AutoFet
h, the sim-ple 
ode in Figure 9 should perform as well as the optimized 
ode after someinitial iterations.
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ode in Figure 9 version with AutoFet
h and found thatindeed it was able to exe
ute a single query for all the 
ontroller layer methodsafter the initial learning period. Our modi�ed 
ode has the advantage of beingsmaller, be
ause we eliminated redundant methods in ResumeDAO 
lass. WithAutoFet
h, DAO methods are more general be
ause the same method maybe used with di�erent traversal patterns. AutoFet
h also in
reases the inde-penden
e of the user interfa
e or view layer from the business logi
 or 
ontrollerlayer, be
ause 
hanges in the traversal pattern of the user interfa
e on domainobje
ts do not require 
orresponding 
hanges in the 
ontroller interfa
e.5.4 General CommentsIn all of the evaluation ben
hmarks, the persistent data traversals were the samegiven the query 
lass. Consequently, AutoFet
h never prefet
hed more datathan was needed, i.e. AutoFet
h had perfe
t pre
ision. While our intuition isthat persistent data traversals are usually independent of the program bran
hingbehavior, it is an open question whether our ben
hmarks are truly representa-tive in this respe
t. Similarly, it is diÆ
ult to draw general 
on
lusions about theparameters of the AutoFet
h su
h as the maximum extent level or sta
k framelimit without observing a larger 
lass of persistent programs. The maximum ex-tent level was set to 12, be
ause this produ
ed reasonable memory 
onsumptionon our ben
hmarks. The sta
k frame limit was set to 20 to preserve enough in-formation from the sta
k frame about 
ontrol 
ow in the presen
e of the variousar
hite
tural layers in the Torpedo ben
hmark and the re
ursive traversals inthe OO7 ben
hmark.6 Related WorkHan et al. [13℄ 
lassify prefet
hing algorithms into �ve 
ategories: page-basedprefet
hing, obje
t-level/page-level a

ess pattern prefet
hing, manually spe
i-�ed prefet
hes, 
ontext-based prefet
hes, and traversal/path-based prefet
hes.Page-based prefet
hing has been explored in obje
t-oriented databases su
has Obje
tStore [17℄. Page-based prefet
hing is e�e
tive when the a

ess patternsof an appli
ation 
orrespond to the 
lustering of the obje
ts on disk. Sin
e the
lustering is usually stati
, it 
annot eÆ
iently support multiple data a

esspatterns. Good 
lustering of obje
ts is diÆ
ult to a
hieve and 
an be expensiveto maintain when obje
ts are updated frequently. However, when it works itprovides very low-
ost prefet
hing. Finally, if the amount of obje
t data thatshould be prefet
hed is larger than a page, than this prefet
hing algorithm willbe unable to prefet
h all the obje
ts needed.Obje
t-level or page-level a

ess pattern prefet
hing relies on monitoring thesequen
e of obje
t or page requests to the database. Curewitz et al. [9℄ imple-mented an a

ess pattern prefet
hing algorithm using 
ompression algorithms.Palmer and Zdonik [26℄ implemented a prefet
h system, Fido, that stores a

esspatterns and uses a nearest neighbor algorithm to dete
t similar patterns and
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h requests. Kna
a [16℄ models obje
t relationship a

esses as dis-
rete time Markov 
hains and uses this model in addition to a sophisti
ated 
ostmodel to issue prefet
h requests. The main drawba
k to these approa
hes is thatthey dete
t obje
t-level patterns, i.e. they perform poorly if the same obje
tsare not repeatedly a

essed. Repeated a

ess to the same obje
ts is not typi
alof many enterprise appli
ations with large databases.Bernstein et al. [4℄ proposed a 
ontext-
ontrolled prefet
h system, whi
h wasimplemented as an extension of Mi
rosoft Repository. Ea
h persistent obje
t inmemory is asso
iated with a 
ontext. This 
ontext represents a set of relatedobje
ts, either obje
ts that were loaded in the same query or obje
ts that area member of the same 
olle
tion asso
iation. For ea
h attribute a

ess of anobje
t O, the system prefet
hes the requested attribute for all obje
ts in O's
ontext. When iterating through the results of a query or 
olle
tion asso
ia-tion, this prefet
h strategy will avoid exe
uting n + 1 queries where n is thenumber of query results. A 
omparison of this strategy and AutoFet
h isgiven below. While AutoFet
h only pro�les asso
iations, Bernstein et al. use\MA prefet
h" to prefet
h s
alar attributes for 
lasses in whi
h the attributesreside in separate tables. MA prefet
h improves the performan
e of the OO7ben
hmark queries, whi
h were not improved by AutoFet
h, be
ause OO7 at-tributes and asso
iations are separated into multiple tables. The implementedsystem only supported single-level prefet
hes, although prefet
hing multiple lev-els (path prefet
h) is mentioned as an extension in the paper. The system alsomakes extensive use of temporary tables, whi
h are not needed by AutoFet
h.Han et al. [14, 13℄ extended the ideas of Bernstein et al. to maintain not onlythe pre
eding traversal whi
h led to an obje
t, but the entire type-level path torea
h an obje
t. Ea
h query is asso
iated with an attribute a

ess log set whi
h
ontains all the type level paths used to a

ess obje
ts from the navigational rootset. The prefet
h system then monitors the attribute a

ess log and prefet
hesobje
ts if either an iterative or re
ursive pattern is dete
ted. The prefet
h system,
alled Prefet
hGuide, 
an prefet
h multiple levels of obje
ts in the obje
t graph ifit observes multi-level iteration or re
ursive patterns. However, unlike the Bern-stein prefet
h implementation, there are no results on prefet
hing for arbitraryqueries, instead only purely navigational queries are supported. Prefet
hGuideis implemented in a prototype ORDBMS.While the systems 
reated by Bernstein and Han prefet
h data within the
ontext of a top-level query, AutoFet
h uses previous query exe
utions to pre-di
t prefet
h for future queries. Context-based prefet
h always exe
utes at leastone query for ea
h distin
t asso
iation path. AutoFet
h, in 
ontrast, 
an mod-ify the top-level query itself, so that only one query is needed. AutoFet
h 
analso dete
t traversal patterns a
ross queries, e.g. if 
ertain unrelated asso
iationsare always a

essed from a given query result, AutoFet
h prefet
hes those ob-je
ts even though it would not 
onstitute a re
ursive or iterative pattern withinthat single query. One disadvantage of AutoFet
h is that the initial queriesare exe
uted without any prefet
h at all. The 
onsequen
e of this disadvan-tage, is that the performan
e on the initial program iteration is equivalent to



22 Ali Ibrahim & William R. Cooka program with unoptimized queries. However, it would be possible to 
ombineAutoFet
h with a system su
h as Prefet
hGuide. In su
h a 
ombined system,Prefet
hGuide 
ould handle prefet
h in the �rst query, and also 
at
h 
ases wherethe statisti
al properties of past query exe
utions do not allow AutoFet
h topredi
t 
orre
t prefet
hes. We believe that su
h a 
ombination would providethe best of both worlds for prefet
h performan
e.Automati
 prefet
h in obje
t persisten
e ar
hite
tures is similar to prefet
h-ing memory blo
ks as a 
ompiler optimization. Luk and Mowry[20℄ have lookedat optimizing re
ursive data stru
ture a

ess by predi
ting whi
h parts of thestru
ture will be a

essed in the future. One of their approa
hes, history pointers,is similar in philosophy to our traversal pro�les.7 Future WorkWe presented a simple query 
lassi�
ation algorithm whi
h only relies on the
all sta
k at the moment the query is exe
uted. Although we found this to workquite well in pra
ti
e, a more 
omplex 
lassi�
ation algorithm 
ould in
lude otherfeatures of program state: the exa
t 
ontrol path where the query was exe
uted,or the value of program variables. This ri
her program state representation might
lassify queries too �nely. Unsupervised learning te
hniques 
ould be applied tori
her program state representations to learn a 
lassi�
ation that 
lusters thequeries a

ording to the similarity of their traversals. Consider the followingprogram fragment, where �ndAllFoos exe
utes a query:List results = �ndAllFoos ();if (x > 5)doTraversal1( results );elsedoTraversal2( results );A learning algorithm 
ould learn a better 
lassi�
ation strategy than the onedes
ribed in this paper. In this 
ase, the value of the variable x should be usedto distinguish two query 
lasses.A 
ost model for database query exe
ution is ne
essary for a

urate opti-mization of prefet
hing. AutoFet
h 
urrently uses the simple heuristi
 thatit is always better to exe
ute one query rather than two (or more) queries ifthe data loaded by the se
ond query is likely to be needed in the future. Thisheuristi
 relies on the fa
t that database round-trips are expensive. However,there are other fa
tors that determine 
ost of prefet
hing a set obje
ts: the 
ostof the modi�ed query, the expe
ted size of the set of prefet
hed obje
ts, the
onne
tion laten
y, et
. A 
ost model that takes su
h fa
tors into a

ount willhave better performan
e and may even outperform manual prefet
hes sin
e thesystem would be able to take into a

ount dynami
 information about databaseand program exe
ution.



Automati
 Prefet
hing by Traversal Pro�ling 238 Con
lusionObje
t prefet
hing is an important te
hnique for improving performan
e of ap-pli
ations based on obje
t persisten
e ar
hite
tures. Current ar
hite
tures relyon the programmer to manually spe
ify whi
h obje
ts to prefet
h when exe
ut-ing a query. Corre
t prefet
h spe
i�
ations are diÆ
ult to write and maintainas a program evolves, espe
ially in modular programs. In this paper we pre-sented AutoFet
h, a novel te
hnique for automati
ally 
omputing prefet
hspe
i�
ations. AutoFet
h predi
ts whi
h obje
ts should be prefet
hed for agiven query based on previous query exe
utions. AutoFet
h 
lassi�es queriesexe
utions based on the 
lient state when the query is exe
uted, and 
reates atraversal pro�le to summarize whi
h asso
iations are traversed on the results ofthe query. This information is used to predi
t prefet
h for future queries. Be-fore a new query is exe
uted, a prefet
h spe
i�
ation is generated based on the
lassi�
ation of the query and its traversal pro�le.AutoFet
h improves on pre-vious approa
hes by 
olle
ting pro�le information a
ross multiple queries, andusing 
lient program state to help 
lassify queries. We evaluated AutoFet
husing both sample appli
ations and ben
hmarks and showed that we were ableto improve performan
e and/or simplify 
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