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Abstract database and query workload. This is of particular impor-
tance for XML database systems that allow partial in-

XML database systems are expected to handle increas-dexingof XML documents. A partial index is an index on
ingly complex queries over increasingly large and highly parts of an XML document that matéhdex patternspec-
structured XML databases. An important problem that ified by the user. These patterns can be represented, for
needs to be solved for these systems is how to choose thexample, by XPath path expressions, in which case only the
best set of indexes for a given workload. In this paper, we XML elements that are reachable by these path expressions
present an XML Index Advisor that solves this XML index are included in the index [5]. Partial XML indexing leads
recommendation problem, and has the key characteristic ofto smaller indexes that include only the paths in a document
being tightly coupled with the query optimizer. We rely on that are relevant to user queries. This makes index mainte-
the optimizer to enumerate candidate indexes and to esti-nance on database updates more efficient, and significantly
mate the benefit gained from potential index configurations. improves index lookup performance over indexes that in-
We expand the set of candidate indexes obtained from theclude all the paths in a document. This useful feature is
query optimizer to include more general indexes that can besupported in database systems such as DB2 9 [5] and the
useful for queries other than those in the training workload. upcoming Oracle 11g [32]. However, users now face the
To recommended an index configuration, we introduce two problem of choosing the set of XML patterns to include in
new search algorithms. The first algorithm finds the best setan index. In this paper, we present an XML Index Advisor
of indexes for the specific training workload, and the second that addresses this problem by automatically recommend-
algorithm finds a general set of indexes that can benefit theing the best set of XML index patterns for a given database
training workload as well as other similar workloads. We and query workload, also taking into account the cost of
have implemented our XML Index Advisor in a prototype updating the index on data modification.

version of IBM® DB2® 9, which supports both relational Recommending indexes as part of the physical database
and XML data, and we experimentally demonstrate the ef-yesign process has previously been studied extensively in
fectiveness of our advisor using this implementation. the context of relational databases, and most commercial

database systems now incluiskelex Advisorsghat automat-
ically recommend indexes [9, 38]. The high-level outline
1 Introduction of the index recommendation process for XML databases
is similar to that for relational databases. However, recom-
There are currently several native XML database sys- mending indexes for XML databases presents some unique
tems [14, 17], and XML support has also been added tochallenges that make the problem more difficult than the re-
most commercial relational database systems [6, 31, 35].lational case, and that lead to the details of the solutions
All these systems employ various types of structural and being significantly different.
value XML indexes to improve performance, potentially by ap |ndex Advisor needs to address three questions: (1)
orders of magnitude. how to determine the candidate indexes that would be use-
Users of XML database systems now face the problemg ¢ 5 query or a workload consisting of a set of queries,
of deciding on the set of indexes to create for a given XML (2) how to estimate the benefit for a given query of a par-

*This work was done while the author was at the IBM Toronto Lab ticular index configuratior(i.e., a set of indexes), and (3)




how to search the space of possible index configurations forTight coupling between index recommendation and query
the optimal configuration that provides the maximum bene- optimization has been a feature of relational index recom-
fit to the workload, taking into account the increased cost menders for a long time [18], and one of our contributions

of update statements due to indexes, and satisfying diskjn this paper is to extend this coupling to XML.

schema, and other system constraints. In this paper, we The rest of the paper is organized as follows. We present
present novel techniques to address each of these questiongglated work in Section 2. Section 3 presents our framework
and we integrate these techniques into an XML Index Ad- for index recommendation. Next, we present our contribu-

visor. We have implemented our XML Index Advisor in a tions, which can be summarized as follows:

prototype version of IB DB2® 9 for Linux, Unix, and

Windows (henceforth referred to simply as DB2), which e An algorithm for enumerating candidate XML indexes

supports both relational and XML databases, and we have
used this implementation to verify the efficiency of our In-
dex Advisor and the high quality of the index configurations
that it recommends.

The challenges for XML index recommendation stem
from the richness of XML query languages and the po-
tential complexity of the structure of XML data. XPath
supports wildcards and descendant navigation, and XML
data can be recursive. Thus, for any query, there can be
several potentially useful indexes and index patterns. For
example, the XPath queriSecurity[Yield>4.5]
can benefit from a value index on the index patterns
/Security/Yield , ISecurity/ = or //Yield 1.

The rich structure of XML also leads to an exponential in-
crease in the number of candidate index configurations that
need to be searched to find the optimal one, which places
additional importance on the search algorithm used, and
makes it important to try to minimize the number of opti-
mizer calls to evaluate the benefit of index configurations.

One of the key features of our Index Advisor is that it is
tightly coupled with the query optimizer of the XML data-
base system. We rely on the query optimizer to enumerate
the candidate index patterns for a query, and to evaluate the
benefit to a query of having a particular index configuration.
This tight coupling with the query optimizer helps us lever-
age its index selection and cost estimation capabilities, and
provides a solid and easy way for ensuring that the indexes
that we recommend are actuallgedby the optimizer in
the query execution plans that it generates. Moreover, we
can easily support the different query languages supported
by the optimizer. For example, our XML Index Advisor im- 2
plementation in DB2 supports both XQuery and SQL/XML
simply by virtue of the fact that the DB2 query optimizer
supports both of these languages. Developing an Index Ad-
visor independent of the query optimizer entails emulating
— outside of the optimizer — the parsing, access path selec
tion, and cost estimation steps performed by the optimizer.
This involves a significant amount of work, and creates the
possibility of having inconsistencies between the Index Ad-
visor and query optimizer, which can lead the advisor to
recommend indexes that are never used by the optimizer.

for a query that leverages the index matching capabili-
ties of the query optimizer. These indexes are the basis
of our space of index configurations (Section 4).

A generalization algorithm that expands the set of can-
didate indexes by deriving new candidates from exist-
ing ones, such that the derived candidates can benefit
multiple queries in the current workload and also sim-
ilar queries in future workloads (Section 5).

A technique for estimating the benefit of candidate
XML indexes or index configurations, relying on the
query optimizer. Our technique takes index interac-
tion into account, and attempts to reduce the number
of calls to the query optimizer (Section 6).

Two novel algorithms for searching the space of pos-
sible index configurations to find the best one that fits
within the available disk budget. The first algorithm is
based on greedy search augmented with heuristics that
maximize the number of queries in the workload that
use the selected indexes. The second algorithm has the
objective of selecting as many general indexes as pos-
sible to fit in the disk space budget (Section 7).

An implementation of the XML Index Advisor in a
prototype version of DB2 and an experimental study
using the TPoX [29] and XMARK [36] benchmarks
(Section 8).

Related Work

Several XML indexing schemes have been proposed, and
many of these schemes allow partial indexing of XML doc-
uments and so would benefit from an XML Index Advisor
to help in selecting index patterns [10, 25, 30, 31, 33]. In
the past few years, there has been a considerable amount
of work on index advisors for relational data [1, 9, 38, 40].
Unfortunately, none of these works extend directly to XML
databases.

A few attempts were made to recommend indexes for

Throughout this paper, we use examples from the TPoX bench- XML data that are shredded and stored in relational data-

mark [29].

bases [8, 19]. In [19], the proposed approach focuses on a



specific type of structural index that can be used over rela-meration, [21] proposes using either a greedy search, which
tional databases. The proposed solution cannot be generean be inaccurate, or an exhaustive search, which is slow.
alized to other types of database systems and the proposeitihe configuration enumeration step in [21, 22] also ignores
cost model is independent from the database system whictthe penalty for updates, inserts, and deletes.

can lead to inaccurate estimates. In [8], a new approach to

take the interplay of logical and physical design into consid- 3 Qyerview and Architecture
eration when shredding XML data into relational databases

is proposed. The physical design targets relational databas
systems and so cannot be adopted in database systems th%’\t1 XML Databases and XML Indexes
store XML data natively.

Two recent works have made preliminary attempts to
tackle the index recommendation problem for XML data-
bases [22, 34]. They both suffer from having rudimentary

techniques for candidate generation, cost estimation, an ther approach attempts to benefit from the mature technol-

configuration e_numeratlon. Furthgrmore, the index advi- ogy in relational database systems by shredding XML data
sors proposed in these works are independent of the data:

L : and storing it in relational tables [7, 11, 12, 37]. Another
base system query optimizer, so there is no guarantee th

h ded ind Il be of h e chnigue is to store XML as BLOB columns [13]. On the
the recommended indexes will be of use to the optimizer, other side of the spectrum, XML can be used to publish

and_no guarantge thatdthg t;eneﬂts of candldlate ('jndqe.x Conf'.g'relational data [16]. Recently, an XML column data type
tjhratlo?\:,hare ?Stllirateth wit anyfaccuracly._ n ?h |_t|(_)tr_1,|ne|£ has been added to several commercial database systems so
erorthem tackies Ine Issue ot generalizing the initial Sety ;) qata can now be stored natively in relational database

of candidates, which is equivalent to merging physical de- systems. Such database systems are referred to as hybrid
sign structures in relational databases [1]. We address thes?elational/XML database systems [6, 28, 35]

shortcomings and we also propose a configuration enumer- XML query languages use XPath path expressions to re-

ation "’?'go”‘hm that ta!(es |.nt.o a(?count the Interact|c.m.be- trieve elements in the data. This retrieval can be helped by
tween indexes and yet is efficient in the number of optimizer the presence of an XML index, and there have been many
calls it makes. _ o proposals for different types of XML indexes over the past
In [34], a tool is proposed for selecting indexes for an few years. XML indexes can be categorized istnuctural

XML database system. The main focus of the work is t0 indexesthat speed up navigation through the hierarchical
find a good cost model for selecting the best set of indexesstrycture of the XML data (e.g., [26]), andilue indexes

for a query workload, making use of structural information that help in retrieving XML elements based on some con-
and data statistics. In our work, we adopt a simple and pow-dition on the values they contain (e.g., [30, 31]). A struc-
erful solution to the cost estimation problem by leveraging tyral index can help in answering an XPath query such as

With the increasing need of storing data in XML for-
mat, different approaches have been proposed for XML data
storage. One approach is to store the XML data natively
jn systems that support only XML [14, 15, 20, 24]. An-

fche query optimizer cost modell. The candidfate indexes useqdsecurity/Symbol (find all security symbols), while
in [34] are all paths that occur in the data, with some group- 3 value index can help in answering an XPath query like
ing of structurally equivalent candidates based on SChema/Security[YieId >= 4.5] (find all securities with

information if this information is available. This method yield greater than 4.5).

is inefficient because it leads to an uncontrolled explosion  geveral of these XML indexes have the abilitypar-

of the Space to search for the best set of candidates. ThQ|a||y index the XML data to improve the Speed of index

candidate generation process does not attempt to generai@aintenance and lookups. In this case, the index includes

candidates that are useful for multiple queries. In our work, only the XML elements that are reachable via spedifitex

we rely on the query optimizer to enumerate only the rel- patterns[5, 25]. These index patterns are typically spec-

evant candidate indexes, and we generalize the candidategied as XPath expressions. For example, we can have an

to generate additional candidates that are useful to similarindex that includes only XML elements that are reachable

gueries that may appear in future workloads. This results by the patterdSecurity/ . This index would be useful

in a much smaller search space of possible configurationsfgr answering queries such as the example queries above,

with much more relevant indexes. but it would not be useful in answering queries on, say,
Another index recommender for XML is presented /Security/Seclnfo//Sector

in [21, 22]. This index recommender analyzes the work-  An example of a system that allows partial indexing of

load periodically and creates or drops XML indexes on the XML data is DB2. In DB2 [5, 6], XML data are stored na-

fly. As in [34], the cost model used is independent of the tively in columns with XML data type. In the create table

qguery optimizer and hence likely to be inaccurate. Candi- statement, one or more columns can be defined to be of type

date enumeration is not described. For configuration enu-XML. For every row in the data, a well formed XML doc-



I'gg;ry orkload query optimizer for index recommendation, we need to ex-

- XML Database tend it with two newquery optimizer modesin the first
- System information mode, which we call th&numerate Indexesiode, the op-
- Disk space constraint .. R
Rt ZE—— . fmoTmmmTm e timizer takes a query and enumerates the indexes that can
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basic set of

help this query, hence enabling us to start with a basic set
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Indexes of candidate indexes known to be useful. In the second

: i i
i candidates < ; : //* vyirtual index E .
| Basio setof i Czndidage : i mode mode, which we call th&valuate Indexesnode, the op-
! 1 ! . . . . . . .
| candidates ey, ; timizer simulates an index configuration and estimates the
| c ‘;_d | | i cost of a query under this configuration. These optimizer
1 t H I 1 . . .
| gencralization | i N modes are the only server-side extensions required for the
i - ! candid || Creating virtual | | XML Index Advisor. They allow us to tightly couple the in-
' E ! Candi : - : . . -
| A | confipuratio : cg;“}f;jfaifgn | dex recommendation process with the query optimizer, and
¢ candidates | : | they eliminate the need to replicate any functionality that is
; v ’ : | p Dralaie glready available in the optimizer.
| Configurati | i i . .
i e \%‘ Costestimation | | | Mmode In the new modes, the 0pt|m|z<_ar needs to W_ork with hy-
: '\ uilrtl_gtDB : pothetical indexes that do not exist, but are still needed to
! I ! statistics ! . . . .
D Index Adviso | Estimated | ) acgor_nphsh its task. To enaple th|§, we modify the query
| application peostfor b o) Optimizer ! optimizer to allow it to createirtual indexesthat can then
1 : . | query; I . ! . . . . . .
| (Clientside) | ) | (Server-side) | be used during query optimization. These virtual indexes
Output . are added to the database catalog and to all the internal data
v Recommended index L. .
configuration structures of the optimizer, but they are not physically cre-

ated on disk and no data is inserted into them. The virtual
indexes cannot be used for query execution, and so they are
ument is stored for each XML column. XML indexes are only created in the special query optimizer modes, where
created for one XML column and would only include ele- the goal is not to generate query execution plans. Virtual
ments from all documents of that column that are reachablejngexes are used in relational index advisors to enable the
by a pattern that is given in the create index statement. Forgptimizer to estimate the cost of candidate index configu-
example, the data definition language statement for creatyations [9, 38]. In our XML Index Advisor, we use virtual

Figure 1. XML Index Advisor architecture.

ing an index on an XML columiDOQ(of type XML) of indexes for cost estimation, but a novel feature of our work
tableSecurity , with index patterdSecurity/  *,isas s that we also use them for enumerating candidate indexes
follows: for workload queries.

Example: DDL for creating XML index In the rest of the paper, we use as a running example, a

workload consisting of the following two queries from the
TPoX benchmark [29].
Q1: Return a security having a specified Symbol

for $sec in SECURITY('SDOC’)/Security

3.2 XML Index Advisor Architecture where $sec/Symbol= "BCIIPRC"
return $sec

~ The architecture of the XML Index Advisor is presented q2: st securities in a particular sector given a yield

in Figure 1. The high-level framework of the index recom- range

mendation process is as follows: First, for every query in _

the workload, we rely on the query optimizer to enumer- for $sec in o

ate a set of candidate indexes that would be useful for this SECURITY(SDOC’)/Security[Yield>4.5]

particular query. Next, we expand the enumerated set ofWhere $sec/Secinfo/  «/Sector= "Energy”

candidate indexes to include more general indexes, each oféturn <Security>{$sec/Name}</Security>

which can potentially benefit multiple queries from the cur-

rent workload or from future, yet-unseen workloads. Fi- 4 Basic Candidate Set

nally, we search the space of possible index configurations

to find the optimal configuration, which maximizes the per-  XQuery and SQL/XML are fairly complex languages. In

formance benefit to the workload while satisfying the disk these languages, XML patterns can appear in different parts

space constraint provided by the user. of the statement, but indexes cannot be used for some of
Much of the functionality of the advisor is implemented them [2]. In addition, the process of deciding on which in-

in a client-side application. However, to be able to use the dexes can benefit which patterns in the query is dependent

CREATE INDEX securityVals ON Security(SDOC)
GENERATE KEY USING XMLPATTERN /Security/*
AS SQL DOUBLE



on the XML query optimizer implementation. To obtain C1 | /Security/Symbol string
the basic candidate set of indexes that are useful to a given C2 | /Security/Seclnfo/*/Sector string
query, we tightly couple the process of generating candidate C3 | /Security/Yield numerical
indexes in the XML Index Advisor with the processinfiex
matchingin the optimizer. Index matching is a fundamen-
tal process performed by query optimizers. In this process,
the optimizer decides which of the available indexes can beaccount to determine the target nodes of the index patterns.
used by the query being optimized, and how they can be The XML Index Advisor optimizes each workload query
used (e.qg., for which predicates in the query) [4, 27, 39].  in Enumerate Indexes mode. The resulting candidate index
Coupling candidate enumeration with index matching al- patterns_ of all querigs are considgred_ as a basic candidate
lows us to leverage the fairly elaborate query parsing, index S€t that is expanded in the generalization step.
matching, type checking, and query rewriting functionality
of the query optimizer, without the need to replicate this 5 Generalizing the Candidates
functionality. In addition, we can support any type checks

or type casts that the optimiger performs when using an in- The optimizer helps us identify linear index patterns spe-
dex, and we can enumergte_ indexes that are only exposed byific 15 each query. However, it is unable to identify in-
qhuermrewrltgzm the doptlmlzer. _g/lorec;)\éer,hwel aJe aizu_red dex patterns that can benefit multiple queries in the cur-
that the candidate indexes considered by the Index AAVISOn,e i \orkload and also future queries with similar patterns.
can actually be. matched and u;ed by the optimizer. Add'n,gTo address this shortcoming of relying on the optimizer
our proposed index enumeration mode fo the query opti-¢, candidate enumeration, we expand the set of candidates
mizer of any databqse system aIIiows our Index Advisor to generated by the optimizer by applying a segeheraliza-
recommend usable_mdexes by t_h's systen_w.. tion rules These rules allow us to generate more general
To leverage the index matching capability of the query candidate indexes that can be useful for multiple queries

optimizer for enumerating candidate XML indexes, we from the specific index patterns enumerated by the opti-
modify the optimizer to create a special Enumerate Indexesmizer for individual queries.

Table 1. Basic set of candidates.

query optimizer mode. In this mode, we createirdual For example, in queries Q1 and Q2 the following two
universal indexover the XML data, which is a virtual index  xpath path expressions are identified by the query opti-
whose index pattern i *. This// * virtual index (virtu- mizer as candidates for indexingSecurity/Symbol

ally) indexes all elements in the document and hence can beynq;security/Secinfo/ */Sector . Based on these

matched with any XPath pattern that can be answered usingy,q path expressions, we expand the set of candidates to in-
an index. Next, the query optimizer optimizes the workload |,de the more general patteSecurity// « This new
query with thel/ = virtua_l ir_ldex in place. After th_e index path expression covers the two original path expressions as
matching step of the optimizer, we collect all the index pat- \ye|| as other path expressions that could potentially exist in
terns in the query that were matched with thex virtual the data, such aiSecurity//Industry _ This more
index. ~ Essentially, we have enabled the optimizer to an- general candidate index is a new alternative that can be rec-
swer the question: “If all possible indexes were available, smmended by our Index Advisor instead of the two original
which ones would be considered for this query?” candidate indexes. This new candidate index will generally
To conform with the XPath standard, DB2 uses different have a size that is greater than or equal to the total size of the
indexes for different data types, and different indexes for two original candidate indexes, since it potentially covers
elements and attributes [5, 6]. Thus, in our implementation more elements in the data than they do. But this new gen-
of the XML Index Advisor in DB2, we create several eral index has the advantage that it can answer more queries
indexes. For each data type, we create an index with thethan the two original indexes and so it can potentially be
pattern// = ( for elements) and an index with the pattern useful for queries beyond the training workload.
/@ * (for attributes). All of these indexes are used by the  |n Section 5.1, we focus on index patterns that
optimizer in Enumerate Indexes mode to recommend can-gre expressed aslinear XPath path expressions
didate index patterns. that do not contain predicates.  For example, we
The candidate index patterns enumerated by the opti-would handle an XML index with index pattern
mizer will already take predicates into account and include /Security/Yield , which can be used to answer a
indexes that are only exposed by query rewrites. For exam-query like /Security[Yield >= 4.5] . Database
ple, C1, C2, and C3 in Table 1 are the patterns enumeratedsystems such as DB2 and Oracle currently support only
by the DB2 optimizer for our example queries, Q1 and Q2. these linear XPath path expressions for their index pat-
C1 and C2 are only exposed by query rewrites of Q1 andterns [30, 32] and so their query optimizer would only
Q2, respectively. All three candidates take predicates intoenumerate such index patterns in the Enumerate Indexes



mode. Indexes with linear XPath index patterns are an5.1 Generalizing Pairs of Linear Candi-

important class of indexes, analogous to single-column dates
indexes in the relational case. It is important to point out
that while theindex patternsenumerated by the optimizer For the case when all candidate indexes are linear XPath

contains no predicates, the XPath expressions ity path expressions, we represent path expression patterns as
workload can contain predicates at arbitrary locations. linked lists in which each node represents a path step. Our
Next, in Section 5.2, we extend our approach to handle pair generalization process is divided into two functions:
branching XPath index patterns that include predicates generalizeStep and advanceStep. Each of these functions
(analogous to multi-column relational indexes). In Section returns one or more linked lists representing generalized
5.3, we present an approach for generalizing index patterngatterns. We refer to the generalized pattern currently being
in the basic candidate set individually, even if they cannot built asgenXPath. To generalize a pair of path expressions,
be generalized with other path expressions in the basicwe make an initial caljeneralizeStep(null, p;, p;) (Algo-
candidate set. rithm 2), wherep; andp; are pointers to the head nodes of
The candidate generalization algorithm attempts to find the linked lists representing the path expressions (the ini-
more generalized index patterns by iteratively applying sev- tial steps of the two XPaths). The algorithm generalizes the
eral generalization rules to each pair of basic candidate in-nodes pointed to by, andp; to newNode, and appends
dexes and to the resulting generalized indexes. The procesthis new node to thgenXPath path expression built up to
continues until no new generalized XML index patterns can this point. To perform this generalization, we checlpjf
be found. The rules consider two XPath expressions con-andp; have the same name test. If so, the newly generated
currently and try to find common path nodes (representing node retains the same name test as these nodes. If not, we
common subexpressions) between these two paths. Thigeplace the name test with a wildcard label, The navi-
commonality is captured in a newly formed, generalized gation axis ofrewNode is determined by calling a function
XPath expression. We add this newly formed XPath expres- genAxis(p;.azis, p;.axis), which returnsdescendant axis
sion to our set of candidates. Before attempting to general-(// ) if at least one of the inputs is a descendant axis, and
ize two patterns together, we check their compatibility un- returnschild axis (/ ) otherwise. We also use a function
der any other constraints, such as data type and namespacesLast(p) to test whethep points to the last step of a path
The steps we follow to generalize the XPath expressions inexpression (the target of the navigation).
a candidate set are presented in Algorithm 1. During the
generalization of a pair of expressions, we divide each pathAlgorithm 2 generalizeStepenXPath, p;, p;)
into two parts: the last step, which represents the nodes We 1. if (;sLast(p;) and lisLast(p;)) or (lisLast(p;) and

are indexing, and the steps leading to this last step. isLast(p;)) then
2. return {advanceStep(genXPath, p;, p;)}

Algorithm 1 generalizeXPCandidate$Pset) 3: end if

1: start — 0 4: createnewNode

2: end «— XPset.size 5: if p;.nameTest = p;.nameTest then

3: repeat ? elsneewNode.nameTest =p;.nameTest

4 genXPathNO <0 8: newNode.nameTest =" *"

5. for i = start to end — 1 do 9 endif

6: fOI‘. j=i+1toenddo 10: newNode.azis = gen Axis(p;.axis , p;.azis )

7: if p; andp; have same data type, namespace, 11. appendnewNode to genXPath

and defined on same table and colutinen 12: return {advanceStep(genXPath, pi, p;)}
8: genXPath — generalizeStep(null, p;, p;)
: i t then .

9 it genXPath ¢ XPse The other functiongdvanceStep, plays the role of tra-

o addgenXPath to XPset versing the expression lists by advancing the poinigend

11 genXPathNo < genXPathNo + 1 g he exp y adv n9 P .

1o end if p; according to the rules summarized in Table 2, which are

’ . designed to generate candidates that are as general as possi-
13: end if . . ST
ble. In the first rule, we terminate the navigation of the two

14: end for : - - .

15 end for expressions once we finish generalizing their last steps. A

last step node can only be generalized with another last step
node, so Rules 2 and 3 test for the case that one expression
has reached its last step while the other has not and advance
the pointer of the latter to reach its last step. Rule 4 han-
dles the case when we are generalizing two middle steps. In

16:  start < end + 1
17:  end «— end+ genXPathNo.size
18: until genXPathNo =0




1 | isLas{p;) and isLas{(p;) C4 | /Security// * | string
return{genXPath C5 | /Security/ = numerical
2 | isLasi{(p;) and lisLasi(p;)

p;L < last step irp; expression.
genXPathe Append/ * ontogenXPath

Table 3. Generalized candidates.

returngeneralizeStegenXPathp;.next,p; 1.) another call advanceStep(/Security , [/Symbol ,

3 | lisLas(p;) and isLas(p;) /Secinfo/  =/Sector ) because we are trying to
i1, < last step inp; expression. generalize a last step with a middle step. Rule
genXPathe Append/ * ontogenXPath 2 is now fired and the pointer of the second ex-
returngeneralizeStefgenXPathyp; 1., p;.next) pression is advanced until its last step and a call

4 | Otherwise generalizeStep(/Security/ =, /Symbol , /Sector )
pin <= first occurrence of root node @f in p;.next is issued.  Finally, advanceStep(/Security/  */+,
pin < first occurrence of root node of in p;.next /Symbol , /Sector ) is called from line 12 of Algo-
genXPathe Append/ * ontogenXPath rithm 2, Rule 1 is fired, a rewrite step is performed,
return{generalizeStefgenXPathp;.next,p; .next), and /Security// * is returned. The second and
generalizeStegenXPathpin, p; .next), third alternatives generated by Rule 4 are to search for
generalizeStegenXPathyp;.next,p;,)} /Symbol in/Secinfo/  */Sector and for/Secinfo

in /Symbol , but as both searches fail, no generalized path
expressions is produced. Based on these results, we can
extend the basic candidates in Table 1 to include candidate
C4 in Table 3. Candidate C3 cannot be generalized with
Table 2. Rules used by advanceStep either C1 or C2 because it is of a different data type.

0 | Rewrite Rule
Replace any middle step node havingor// *
with a// axis in the next step.

5.2 Generalizing Pairs of Multi-value

this case, we return the results of three generalizations: (1) (Branching) Candidates

advance the pointers of both expressions one step and gen-
eralize them, (2) and (3) try to find an occurrence of the first
node of the first (second) expression in the second (first) ex-
pression and generalize them together. In cases (2) and (3)xPath patterns can be used to specify more than one value
no generalization is performed if the search fails. These twoto be indexed. For example, we can recommend an in-
cases handle the reoccurrence of nodes in an expression, fafex  /Security[Yield)/SecInfo/ * [Sector]
example generalizinfp/b/d  and/a/d/b/d  will return for query Q2. This pattern indicates indexing
falld and/a/lb/d . Rule 0in Table 2, is a final rewrite  the values of elements reachable by the XPath
step that we do before returning an XPath. Rule 0 replaces/Security/Yield as well as those reachable by
every occurrence of one or more contigudus steps ap-  the XPath/Security/Seclnfo/ *[/Sector . This
pearing in the middle of an expression with a descendantmore general class of index patterns is analogous to
axis in the step following it. For example, we rewrite both multi-column indexes in relational databases. Due to
lal */b and/a/ */+/b to/a/lb . the rich structure of this new class of indexes, we need
For example, to generalize candidates C1 to change the internal representation of an index pattern
and C2 from Table 1, we initially make a call from a list to a tree to accommodate the multiple values.
generalizeStep(null, /Security/Symbol , This class of index patterns contains navigational steps
/Security/SeclInfo/ */Sector ). generalizeStep and specifies the indexed elements in predicates. When
looks at the nodesSecurity in both paths and recog- indexing more than one element with the same ancestors,
nizes that they have the same name tests, therefore itve use conjuncts to represent this. For example, to

5.2.1 Representing Multi-value XML Index Patterns

creates a node with &ecurity name test and ap- build an index on the patterriSecurity/Yield and
pends it to thegenXPath being produced. It then calls /Security/PE together, we represent this by the pattern
advanceStep(/Security /Security/Symbol , /Security[Yield and PE] . For uniformity, we also
/Security/SeclInfo/ */Sector ) to complete change the representation of linear patterns, hence to index
processing these expressions. In this call, Rule 4 elements reachable by the XPaBecurity/Yield we

of advanceStep fires, and we have three possible use the patterfSecurity[Yield] to represent them.

generated XPath expressions. The first is the re-We make the assumption that there is at least one indexable
sult of advancing the pointer of each of them to the element (one predicate) in a given XML pattern.

next step: generalizeStep(/Security , /Symbol , The query optimizer of a database system that supports
/Secinfo/  */Sector ). This call will result in multi-valued XML indexes would generate such indexes in



/ Security [Symbol and //Sector] 5.2.2 Generalizing Multi-value Patterns

XPS(root)
XPS (/Security)

To generalize a pair of expressions we rely on the function
generalize TreeStep, which generalizes the roots of the pair
of expression trees passed to it, and then navigates to the
next nodes in the trees and recursively calls itself to gener-
alize them.generalize TreeStep takes two expression trees
p; andp; and a list of general expression trees built to this
null point, and returns a list of all general expression trees con-
structed after adding the generalization of the current steps
of p; andp;. The initial call to generalize a pair of expres-
XPS (/Symbol) | | XPS (//Sector) sions isgeneralize TreeStep(null, p;, p;). Recursive calls
are made iryeneralize TreeStep to generalize all the steps
of the expression trees. The rules for generalizing a pair of
null null null null nodes and advancing the path expression pointers are de-
scribed in Table 4 and continued in Table 5. In Rule 1,
we terminate the navigation of the two expressions when at
least of them reaches its end. Rule 2 handles the case of two
steps with no predicates. In this case we try to find an oc-
currence of the root node of the first (second) expression in
the second (first) expression and generalize them together.
If both searches fail, we only generalize the current steps
together. In these two cases, a copy of the new general node
is appended to all the existing general tree expressions that
are under construction, and the new trees are returned to the
Our revised version of the generalization algorithms calling function. In Rules 3 and 4, we generalize two steps
works on XPath path expressions represented as expressiowhere only one of them has a predicate. In these two cases,
trees with the same structure as the XPS trees defined irwe try to advance the pointer of the step with no predicate
[4]. An XPS tree KPath Sep tree) is composed of labeled to a step with a predicate similar to the one in the other ex-
nodes. Each node is labeled with its navigation axis andpression. If this fails, we try to find a matching step with
its node test, where the navigation axis is the special axisa similar name to generalize with. If the previous two at-
root or one of:child , descendant , or attribute . tempts fail, the current two steps are generalized together
The test can be either a name test or a wildcard test. Eaclwhile ignoring the predicate. Rule 5 deals with the case of
node can have two children, the left child represents anytwo steps having predicates. In this case an attempt to gen-
predicate on the node, while the right child represents theeralize each one of them with a similar predicate is made. If
next step in the expression. To navigate the tree, we ad-these attempts fail, the two nodes are generalized together
vance the navigational pointer to the right children of nodes. and a new predicate with a conjunction of the original two
Also, to check a predicate of a node, we check its left predicates is created.
child. In the current implementation, we do not allow pred- In order to accomplish the task @éneralize TreeStep,
icates to be nested. Figure 2 shows an example of ansome helper functions are used. hasPred is a
XPS tree representing a path expression. In the exampleboolean function that returns true if the current step
we are indexing the values é¢Security/Symbol and of the expression has a predicate child. For ex-
/Security//Sector together in the same index. We ample, hasPred(/Security[Yield] ) returns true.
consider XPath index patterns that can contain both navi-appendStep navigates to the last step of an expres-
gational steps and predicate branching. The navigation carsion and appends a next step child to it. For
contain label wildcards, =", child axis navigation}/" , example, appendStep(/Security | /Secinfo ) returns
and descendant navigatiot{" . The predicates can in- /Security/Seclnfo . Similar to appendStep is
volve conjunctions to indicate the indexing of more than one appendPred, which navigates to the last step of an
element with the same ancestors. We obtain this tree repreexpression and then appends a predicate child to it.
sentation of the path expressions by parsing the path expresFor examplegppendPred(/Security  ,/Yield ) returns
sions in the basic candidate set. We perform a postprocessfSecurity[Yield] . generalizeNode, which is de-
ing step after generalization to obtain the path expression ofscribed in Algorithm 3, takes two nodes and generalizes
the generalized tree in a linear format. We describe next thethem to newNode, and returnsnewNode. To perform
versions of Algorithm 2 and the rules in Table 2. this generalization, we check if the two nodes have the

null

Figure 2. XPath XPS tree example.

its Enumerate Indexasode. Our focus in this section is on
generalizing such indexes to create more candidates.



pi=null or p;=null
return{genXPathTrep

not(hasPredp;)) and not(hasPredp,))
pin <= first occurrence of root node of in p;
pjn <= first occurrence of root node of in p;
if (pin != null) then
genTreek=
generalizeStepNoPrégenXPathTregp;,,, p;, " *")
end if
if (pj» = null) then
genTree2=
generalizeStepNoPrégenXPathTregp;, pjn, " *")
Dbj <~ DPjn
end if
if (pin, =nulland p;,, = null) then
genTree3=
generalizeStepNoPrégenXPathTregp;, p;, null)
end if
genTrees= genTreelJ genTree2) genTree3
return generalizeTreeStégenTreesp;.next p;.nex)

hasPredp;) and not(hasPredp;))
pjn <= first occurrence of root node of in p;
pjpn <= first occurrence ip; wherep;y,,,.pred= p;.pred
if (pjprn != null) then
genTreek=
generalizeStepPrégenXPathTregp;, pjpn, " * ")
Dy ~ Pjpn
end if
if (pj» = null'and p;,, = null) then
genTree2=
generalizeStepNoPrégenXPathTregp;, pjn, " *")
Dbj <~ DPjn
end if
if (pjr = null and p;,,, = null) then
genTree3=
generalizeStepNoPrégenXPathTregp;, p;, null)
end if
genTrees= genTreelJ genTree2) genTree3
return generalizeTreeStégenTreesp;.next p;.nex)

not(hasPredp;)) and hasPredp;)
similar to Rule 3 after switching; with p;

5 | hasPredp;) and hasPredp;)
pjpn <= first occurrence ip; wherep,,,,, .pred= p;.pred
pipn <= first occurrence ip; wherep;,,, .pred= p;.pred
if (pjpn = null) then
genTreel=
generalizeStepPrégenXPathTregp;, pjpn, " *")
Dj <~ Djpn
end if
if (pipn != null) then
genTree2=
generalizeStepPré¢genXPathTregp;p,, pj, " * ")
pi < Pipn
end if
if (Pipn, = Null and p;,, = null) then
genTree3=
generalizeStepPrg¢dgenXPathTregp;, p;, null)
end if
genTrees= genTreel genTree2) genTree3
return generalizeTreeStégenTreesp;.next p;.nex)

Table 5. Rules used by generalizeTreeStefzon-
tinued).

same name test. If so, the newly generated node re-
tains the same name test as these nodes. If not, we
replace the name test with a wildcard label, The
navigation axis ofnewNode is determined by calling a
function genAwis(p,.axis, p;.azis), which returnsdescen-
dant axis(// ) if at least one of the inputs is a descen-
dant axis, and returnehild axis (/) otherwise. We use
generalizeStepNoPred, outlined in Algorithm 4, to gener-
alize two nodes and add their generalization to all the gen-
eral expressions being constructed as a next step. A similar
function is generalizeStep Pred (Algorithm 5), which gen-
eralizes two nodeand their predicategnd then appends
the new generalized step and predicate to all the general ex-
pressions being constructed .

Algorithm 3 generalizeNode, p;)

1: createnewNode
: if p;.nameTest = p;j.nameTest then
newNode.nameTest = p;.nameTest
else
newNode.nameTest =" *'
end if
newNode.azis = genAxis(p;.azis , pj.azis )
. appendrnewNode to genXPath
: return newNode

A A

Table 4. Rules used by generalizeTreeStep

We illustrate candidate generalization for multi-valued
indexes using the following two queries on the TPoX data,
Q3 and Q4:

Q3: List securities with a particular industry type given a yield
range
for $sec in SECURITY('SDOC’)/Security



where $sec/Yield < 3
and $sec/SecInfo/  */Industry= "Personal”
return $sec

Q4: List security names in a particular sector given a yield

range

Algorithm 4 generalizeStepNoPregi(n X PathTree, p;,
pj, preNode)

for $sec in

SECURITY('SDOC")/Security[Yield > 4.5] 1. genXPathTreeNew < {}
where $sec/Secinfo/ *[Sector= "Energy" 2: newNode<= generalizeNodg; , p;)
return <Security>{$sec/Name}</Security> 3: for all ¢ such that € genXPathTree do

4. if preNode # null then

For these two queries, the enumerated indexes are: g tnew <= appendStept, preNode)
/Security[Yield]/SeclInfo/ * [Industry] 6: tnew < apPeNdSte@,e.,, newNode)
and /Security[Yield]/SecInfo/ *[Sector] . 7 else
Initially we make a call generalizeTreeStep(null, 8 tnew < appendStef, newNode)
/Security[Yield]/SecInfo/ * [Industry] , 9 endif
ISecurity[Yield]/SecInfo/ *[Sector] ). Since 10:  genXPathTreeNew < genXPathTreeNew U tyeq

the roots of both expressions have predicates, Rule 5 is1;. end for
fired. We attempt to fin@ecurity  in the first expression, 15 return genXPathTreeNew

and alsoSecurity  in the second expression. Since
the result is the same as the root node, we continue with
only one of the result paths.generalizeStep Pred(null,
/Security[Yield] ,  [ISecurity[Yield] ) s
called and a new expressiaisecurity[Yield] is
returned. Next, the pointers of the two expressions are ad-
vanced andgeneralize TreeStep(/Security[Yield] ,
/Secinfo/  *[Industry] , ISecInfo/  *[Sector] )

is called again to continue processing the expressions. The

current steps have no predicates, so Rule 2 is fired. The
two nodes are the same so only one path is used and a new

Algorithm 5 generalizeStepPreg{n X PathTree, p;, p;,

node is appended to the current general expression. The®”¢ode)
generalize TreeStep(/Security[Yield]/Secinfo , 1 genXPathTreeNew = {}
/«[Industry] , /+*[Sector] ) is called. Rule 5 2 newNode < generalizeNodg, , p;)
is fired as the two expressions have predicates.  But 3 newPred < generalizeNodg;.pred , p;.pred)
the two predicatesindustry ~ and Sector are not 4 forall ¢suchthat € genXPathTree do
equal. Hence, a new predicate node with a conjunction 5 If preNode # null then
of Industry  and Sector is created. Finally a new 6 tnew < appendSte., preNode)
expression  of /Security[Yield]/Secinfo/ * 7 tnew <= appendStefd,c., newNode)
[Industry and Sector] is returned and the gener- &  else
alization is terminated by Rule 1 when we encounter null © tnew < appendStef, newNode)
steps. 10 endif

11:  if newPred # null then
5.3 Generalizing Individual Candidates 12 elstgew < appendPreft;,c,,, newPred)

14:
Some path expressions in the basic candidate set might

not be generalized with any other path expression. An ex- ;.
ample of this is candidate C3 in Table 1. To get more gen- 4.

tnew < appendConjunctPredp;.pred , p;.pred,

tnew)
end if

genXPathTreeNew < genXPathTreeNew U t,,eq

eral candidates even from these individual candidate paths,;. end for
that have no common sub-expressions with other candi- ;5. return genXPath TreeNew

dates, we use a heuristic technique that predicts the ex

istence of other expressions similar to a candidate. The
heuristic replaces the last nennavigation step in the can-
didate path with & navigation step. For example, we can
generalize path C3 ttsecurity/  *, C5in Table 3. This
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approach could be extended to consult the data to deter- DB2 implements XML indexing using a B-tree index,
mine the usefulness of such a generalization and recom-and the query optimizer requires two statistics for an XML

mend other generalizations. In the latter case, raplace- index: its cardinality and its size on disk [3]. The cardi-
ment would only be performed when there are other pathsnality, or total number of entries, of an index is the total
in the data with the same common leading path. number of XML nodes in all the XML documents that are
stored in the column of the table that the index is defined
6 Estimating the Benefit of XML Indexes on that match the index pattern. As described in [3], to es-

timate the XML column cardinality, a count of all linear
rooted pathes occurring in the documents of that column is
collected. But because the number of occurring rooted paths
can be huge, this count is only kept for the most frequently

Relational index advisors leverage the query optimizer to
estimate the benefit to a query workload of having a particu-

lar index configuration [9, 38]. To do the same in our XML . . S
: o occurring paths. To estimate the cardinality of an XML pat-
Index Advisor, we added a new query optimizer mode that .
tern, we check all the most frequent occurring paths, stored

we call the Evaluate Indexes mode. This mode relies on.

creating virtual indexes and estimating the cost of workload 'nag]eemca;lggé;]cé;r:ti ?r?;f ;r;e;tr;:ag b_T_zhrge::t;E: i?a\{;';h;c;_
queries with these virtual indexes in place. The optimizer P ' ge.

can include the virtual indexes with other existing real in- age is used as an estimate of the number of nodes that are

dexes when performing index matching to find the possible reachable by this XML pattern.

indexes to be used in a query, and when determining a queryt -tr.ot?St'{natechetS'ztﬁ Ogifn deax, we ageu? use :jhedf:letlrt]a
execution plan for this query. After optimizing a query in statistics to estimate the ditterent components needed: the

Evaluate Indexes mode, the optimizer returns the set of in-S12€ of the index key and the number of keys. While the

dexes that were used, plus their statistics and the new cosPumb?r of keys for an |nde>$ entry Is f|xed and pased on the
information of the evaluated query. This information is used index implementation, the size of the index key is calculated

by our index advisor to determine the benefit of using an in- as the_averagtjﬁ S'Z'a OI];_thle_mdfr)]( keys fo:cttr;]e r_n%st frEquintly
dex or a configuration consisting of multiple indexes. :)hccurrlngt]) pa fsll< utiplying the S'Zf. 0 ¢ € llnthext f); y
The XML Index Advisor architecture allows us to rely € number of keys gives us an estimate of Ine tolal size

completely on the query optimizer for cost estimation by of the'inde>§. With the cardin.ali'ty and index size statistics
using its Evaluate Indexes mode, leveraging its tuned, weII—Of a V|rt_ual !ndex in plac_:e, this index can be used for cost
developed cost model. It is beyond the scope of this paperes'[Imatlon like any real index.
to discuss XML cost models, an active area of research in
its own right. Moreover, a detailed description of the cost 6.2 Estimating the Benefit of an Index
model of the DB2 optimizer, which we use in our prototype, Configuration

can be found in [3]. Next, we describe the general approach

used in the Evaluate Indexes mode, and the details of the In the XML Index Advisor application, we make use of
Evaluate Index mode that we have implemented in the DB2the information returned by the optimizer after evaluating a
query optimizer, and then we describe how we use the in-query in the Evaluate Indexes mode with a specific virtual
formation returned by the optimizer in our Index Advisor index configuration in place. The benefit of using an index

application. is estimated as the reduction in query execution cost when
the index is created. The benefit of indexo querygq is
6.1 Evaluate Mode Implementation calculated as the difference between the initial cost of query

Coid(q) @nd its cost after creating the ind€¥,..,(¢). Thus,

While finding the query execution plan in the presence benefit of index: to queryq is Benefit(z; q) = Coia(q) —
of one or more virtual indexes, the optimizer needs statis- Cnew (¢). We use the Evaluate Indexes mode to evaluate the
tics about these virtual indexes to get better cost estimatescost of a query when an index is in place without actually
Some of these statistics adata statisticssuch as the dis-  creating the index.
tinct XPaths in the data that are being indexed and their fre- To evaluate the benefit of an index for a work-
guencies, while others anedex statisticsuch as the num- load of queries, we generalize the above calculation to:
ber of disk pages occupied by the index. Our approach is toBenefit(z; W) = >, (C(@)oia — C(q)new). Further-
collect all the necessary data statistics if needed using themore, to calculate the benefit of a configuration consisting
guery optimizer's normal (i.e., non-virtual) statistics collec- of multiple indexes, we create all the indexes in the configu-
tion module RUNSTATSn DB2). We then use these data ration as virtual indexes and then optimize all queries in the
statistics to estimate the index statistics for the virtual in- workload in Evaluate Indexes mode to estimate their new
dexes. We use the same approach for estimating an XMLcosts. Thus, we have
index cardinality that is described in [3]. Benefit(x1,xg, ..., xq; W) = quw(cold(q) — Chrew(q)).
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6.3 Update, Delete, and Insert Costing timated benefits. However, this method ignoresitierac-
tion between indexes: The benefit of an index will change
Our workloads may contain update, delete, and insertdepending on what other indexes are available because the

(UDI) statements in addition to queries. Any index we rec- query optimizer can use multiple indexes in its plans. A
ommend must be maintained for each of the UDI statementssimplistic approach for taking index interaction into account
in the workload. At the same time, update and delete state4s to evaluate the entire workload with all indexes in the con-
ments may benefit from an index that helps them identify figuration created as virtual indexes. Since we evaluate the
the data that needs to be updated or deleted. The benefipenefit of index configurations repeatedly during our search
of having an index for update or delete statements is esti-for the optimal index configuration, we have developed a
mated just like the benefit of indexes for queries. If the cost more efficient approach that reduces the number of calls to
of updating indexes is included in the optimizer cost esti- the optimizer while taking index interaction into account.
mates of these statements, no special processing is required While we are generating the set of candidate indexes
for them. In some database systems, such as DB2, the optbasic and generalized), we keep track for each index,
timizer cost estimates do not include the cost of updating of which (XQuery or SQL/XML) workload statements pro-
indexes. Hence, we have special techniques in our applica-duced basic candidate index patterns that are covered by this
tion to estimate the maintenance cost of indexes under UDlindex. These are the statements that can benefitfraamd
statements. we call this set of statements th#fected sebf . To eval-

To estimate the maintenance cost for an indgliecause  uate the benefit of a configuration, we only need to call the
of a UDI statement, we use the data statistics to estimateoptimizer for the union of the affected sets of its indexes.
the number of XML documents that have changes because Furthermore, we divide a configuration into smaller sub-
of this update statemerst docChanged(s)and the total configurations, where each sub-configuration includes in-
number of elements included in this indexmElement;). dexes that may interact with each other, which are indexes
Given the total number of XML documents in the database that have overlapping affected sets. We maintain a cache of
numDocswe can estimate the number of elements that the previously evaluated sub-configurations and we only eval-
statement will affect in the index asdes Updated(x;, s) = uate a sub-configuration if it is not found in this cache. To
(numElement (z;)/numDocs) x docChanged(s). We create the set of sub-configurations for a given configura-
are assuming that the number of indexed XML elements tion, we start with a sub-configuration for each index, and
from different documents is the same. We are also as-We iteratively merge the sub-configurations whose affected
suming that all the index entries corresponding to theseSets overlap, until there can be no more merging.

XML elements will need to be updated, and we use the For example, to evaluate the benefit of the indexes con-
docChanged(syalue to estimate the maintenance cost for figuration containing C1, C2 and C3 from Table 1, we ini-
this index because of statement Based on the system, tially have each one of them in a separate sub-configuration.
two calibration constants are used @PUCostPerNode  Because C2 and C3 are enumerated from the same query
number of CPU operations performed per an index nodeQ2, we merge their sub-configurations, which gives us the
and (2) I0CostPerNode number of /O operations per- two sub-configuration§C1} and {C2, C3. To evaluate
formed per an index node. Thus the total maintenancethe {C1} sub-configuration, we only need to optimize Q1
cost of an index:; because of a statemenis calculated as: while C1 is created as virtual index. Similarly, to evaluate
me(x;, s) = nodesUpdated(x;,s) x CPUCostPerNode+  the{C2, C3} sub-configuration, we only need to optimize
nodesUpdated(x;, s) x numBTreeLevelsx Q2 while C2 and C3 are created as virtual indexes. The
IOCostPerNode benefit of the configuratiofC1, C2, C3 will be the sum

Putting it together, to account for the index mainte- of the individual benefits of C1} and {C2, C3}. When
nance cost, we subtract from the calculated benefit theevaluating a configuration of, sa§C1, C2, C3, we split it
maintenance costn{c) of all indexes in the configura- into the two sub-configuration$C1} and{C2, C5. Since
tion. Thus, for indexes:, xo, ..., x, and workloadV: {C1} was evaluated in the previous step, we only need to

Benefit(x1,x2, ..., xq; W) = evaluate{C2, C5.
>sew ((Coa(s) = Crew(s)) — ioyme(wi, )
7 Searching for the Optimal Configuration
6.4 Efficient Index Configuration Evalua-

tion After the candidate enumeration and generalization
steps, we have in hand an expanded set of candidate in-
To evaluate the benefit of a configuration consisting of dexes. We need to search the space of possible index con-
multiple indexes, we can simply estimate the benefit of figurations consisting of indexes from this candidate set to
the individual indexes independently and add up these es{ind the index configuration with the maximum benefit, sub-
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ject to a constraint specified by the user on the disk spacefor the workload. We then sort the candidate indexes ac-
available for the configuration. cording to their benefit/size ratio. Finally, we add candi-
This combinatorial search problem can be modeled asdates to the output configuration in sorted order of bene-
a 0/1 knapsack problem [38], which is NP-complete. The fit/size ratio, starting with the highest ratio, and we continue
size of the knapsack is the disk space budget specified by theintil the available disk space budget is exhausted. As this
user. Each candidate index — which is an “item” that can be is an approximate solution, we try to improve it by skip-
placed in the knapsack — hasast which is its estimated  ping candidates that do not fit into the available disk space
size, and denefittomputed as described in Section 6. budget and continuing to add other candidates that can fit
The problem is further complicated by the fact that in- into the budget, trying to accommodate as many indexes as
dexes interact with each other. The benefit of an index for possible.
a query can change depending on whether or not other in- The greedy approximation has proven to be effective for
dexes exist. The simplest approach to solving the 0/1 knap-relational index advisors [38], but it was not effective for
sack problem is to use greedy searctihat ignores index  our XML Index Advisor. The benefit of an index is highly
interaction. To take index interaction into account, we have dependent on the existence of other indexes in the configu-
added somdeuristicsto the greedy search to ensure that ration. Moreover, the greedy search can select general in-
we use as many indexes with high benefit as we can, anddexes that can be used for path expressions already covered
that they are all actually used in the optimizer plans. We by other indexes in the configuration. Unfortunately, the
have also implementedtap downsearch that chooses as optimizer can use only one of these indexes in its plan. A
many general indexes as it can fit into the disk budget. Thepossible solution to this problem is to compile all workload
goals of the greedy search with heuristics and the top downqueries after the indexes in the configuration are selected,
search are fundamentally different: The greedy search withand then to eliminate indexes that are never used. The prob-
heuristics attempts to find the best possible set of indexedem with this solution is that we free up extra disk space that
for the given workload, without any consideration for the we never use again for adding more indexes, even though
generality of these indexes, while the top down search at-this space could be very useful.
tempts to find configurations that are as general as possible To address the index interaction problem, we evaluate
so that they can benefit not only the given workload but also the benefit of the entire configuration to decide on adding a
any similar future workloads. We describe these search al-new candidate to it or not. The configuration evaluation is
gorithms next and then we describe a technique to reduceoptimized using the technique described in Section 6.4.
the number of calls to the optimizer. To address the index redundancy problem described
Figure 3illustrates the relation between the queries in theabove, we add one more objective to our search problem:
workload, extracted XML pattern, and the generalized can- maximizing the number of workload XPath expressions
didates. For queriegi, g2, . . . g, W€ enumerate a basic set that use indexes in the selected configuration. Maximizing
of candidate®, ps, . . . pn, @s described in Section 4. One the workload benefit remains the primary objective of the
basic candidate can be enumerated because of more thagearch, and heuristics are added to attempt to enforce the
one query, and one query can produce more than one candinew objective in a best effort manner.
date, so we associate with each candidate the set of queries This new search algorithm maintains a bitmap of XPath
that produced it. We build the next levels in the graph until patterns in the workload queries that have indexes on them.
we reach the most general candidates as shown in the figureThen, before adding any general index to our configura-
For each new candidate, we associate with it a list of XML tion we use this bitmap to make sure that this index will
patterns that were the cause of generating it as well as theif?0t be a replication of others already chosen. When a gen-

descendant patterns. Hence, for any candidate index patterﬁralf.'nde):!xg”ftm’“" Itsbad‘%e?t to :P}e r?r(]:omrgendefz index
in the graph, it will have associated to it a list of all candi- configuration, it must be "better: than the indexes 1t gener-

] . . alizes,zy, xs,. .., x,. Algorithm lines the pr r
dates in the subtree rooted at this pattern, which we call the,; fO||§\1N fé seargh all ggn(;idatgsou{[IVeejetm‘irieéF)f)ciﬁg €

coverage listAlong with the coverage list, we keep alist of  jmproved benefiof the set of indexest, as the benefit of

affected queries (described in Section 6.4). The affected listthe current configuration whek is added to it. A general

of a generalized pattern is the concatenation of the affectedndex is added to the configuration only if the following two

lists of its children. heuristic conditions are satisfied (lines 14 and 19 in Algo-
rithm 6):

7.1 Greedy Search with Heuristics
IB(xgenerat) > IB(x1,%2,...,%n)

The greedy approximation of the NP-complete 0/1 knap- Size(Zgeneral) (1+0) Z Size(x;)
sack problem works as follows. First, we estimate the size i=1

of each candidate index, and the total benefit of this index

IN

13



Most general candidates
v v
/” h“ \\\

~

Generalized
L
candidates

Basic
candidates

Queries

Figure 3. Relation between workload queries and candidate XML patterns

Algorithm 6 heuristicSearch@ndidates)

1: sortcandidates according to theibenefit / size ratio

2: recommended «— ¢

3. currSize — 0

4: currCoverage «— ¢

5: while currSize < diskConstraint do

6:  best < pick the next bestand in candidates

7. if currCoverage = ¢ then

8: recommended «— recommended U cand

9: currCoverage — currCoverage U
cand.coverage

10:  else if currCoverage N best.coverage = ¢ then

11: addbest to recommended

12:  else ifcurrCoverage = best.coverage then

13 evaluaterecommended and best

14: select thebestConf according tobenefit andsize

15: recommended «— bestConf

16:  elseifcurrCoverage N best.coverage # ¢ then

17: constructtentative with recommended after re-
moving indexes with a coverage subsumedby

18: evaluaterecommended andtentative

19: select thebestConf according tobenefit andsize

20: recommended «— bestConf

21:  endif

22: end while

23: return recommended

14

Most of the time, general indexes are larger than specific
indexes because they contain more nodes from the data. The
second heuristic restricts the expansion in size that we allow
when we choose a general index, and the first heuristic en-
sures that the general index is at least as good as the specific
indexes. Hence, we are biased towards choosing the small-
est configuration that is the best for the current workload.
The valueg is a threshold that specifies how much increase
in size we are willing to allow. We have fourfti= 10% to
work well in our experiments.

7.2 Top Down Search

The greedy search with heuristics recommends the best
configuration that fits the specific given workload. Because
of that, it can be viewed asver-trainingfor the given work-
load. If the workload changes even slightly, the recom-
mended configuration may not be of use. This is acceptable
if the DBA knows that the workload will not change at all.
For example, if the workload is all the queries in a particu-
lar application. However, another likely scenario is that the
DBA has assembled a representative training workload, but
that the actual workload may be a variation on this training
workload. This is true for relational data, but it is of added
importance for XML, because the rich structure of XML al-
lows users to pose queries that retrieve different paths of the
data with slight variations. If this is the case, and the work-
load presented to the Index Advisor is a representative of
a larger class of possible workloads, then we posit that the
goal of the Index Advisor should be to choose a set of in-
dexes that is as general as possible, while still benefiting the
workload queries. We have developedoa down search
algorithm to achieve this goal.



Since our goal is to obtain the maximum total benefit for
c c the workload with the most general configuration that fits

J . in the disk space budget, we iteratively choose the general
index with the smallesnB/AC ratio and we replace it
with its (more specific) children in the DAG (Algorithm 7).
That is, we replace general indexes whose additional benefit
C ) G per unit cost over their children is the lowest. In case of ties,
we select the index with the largeAiC. If we run out of
general candidates to replace and do not yet meet the disk
. . ) ) space budget, we use greedy search. Note that in this case
Figure 4. Directed acyclic graph of the candi- we do not need to apply our heuristics since none of the
dates. indexes we are searching is general.

We implemented two versions of the top down algo-
rithm. In the first, we ignore index interaction when cal-
culatingA B. The benefit of a configuration is calculated as
the sum of the benefits of its indexes. We call this version
top down lite In the second version, we evaluate the ben-
efit of every configuration using the technique described in
Section 6.4. We refer to this version of the search algorithm
astop down full

In the top down search, we construct Rirected
Acyclic Graph (DAG) of the candidate indexes while
generalizing them. Each node in the DAG represents
an XML pattern, and has as its parents the possible
generalizations of this pattern, based on our candidate
generalization algorithm.  For example, when gener-
alizing the two candidategSecurity/Symbol and
/Security/Securitylnformation/ * [Industry
to get/Security// *  a node will be created in the DAG
for /Security// * and this node will be a parent of the
two candidates. At the end of this construction phase, we
will have a DAG rooted at the most general indexes that

Algorithm 7 topDownSearchpp Candidates)
1: candidates «— topCandidates
2. currSize < candidates.size
3: while currSize > diskConstraint do

can be obtained from the workload. Figure 4 illustrates 4  for all cand € candidates do

the DAG constructed for the expanded set of candidates > calculateA B/AC of cand

for our running example. We start with the roots of the 6. end fpr . . .

DAG as our current configuration. Since general indexes /*  ¢@ndidates —configuration after replacing the can-
are typically large in size, this starting configuration is dldatg with minimum AB,/AC) with its children
likely to exceed the available disk space budget, but it 9: eng“\;ﬁ:ge  candidates. size

likely has the maximum benefit that can be achieved.

General indexes can have zero or negative benefit for two

reasons: (1) high maintenance cost because of update,

delete, and insert statements in the workload, and (2) not7.3 Dynamic Programming

being used in optimizer plans. To handle this, we add a

preprocessing phase to remove any indexes with zero or Both algorithms described above find approximations to

negative benefit from our search space. Next, we iterativelythe optimal solution. To find an optimal solution, we use

replace a general index from the current configuration with a dynamic programming algorithm that searches the expo-

its specific (and smaller) child indexes, and we repeat thisnential space of possible configurations but does not con-

step until the configuration that we have fits within the disk sider all possible index interactions.

space budget. We implemented a dynamic programming algorithm
To choose the general index to replace, we introducegiven in [23], which has a time and space complexity of

two new metricsAB and AC. Assume that candidates O(min{2",n3 ,,., pi,nm}). To decide whether to in-

Z1,T2,...,%, are generalized to a candidai€eyerqi- clude an index in the solution, this algorithm tries to add
There will be nodes in the DAG for each of these candi- it to all configurations that were computed so far, keeping
dates, and:jeerq: Will be a parent ofq, xo, ..., z,. We a dynamic programming table that caches the optimal sub-
defineAB andAC as follows: configurations that were evaluated so far. To account for
index interaction, we evaluate the benefit to the workload

AB = IB(zgeneral) — IB(21,. .., 2n) of having all the indexes in a configuration. Since we con-

sult the optimizer to evaluate the workload execution cost
for each configuration, this adds a high overhead to the so-
lution. This solution suffers from pruning some configura-

AC

Size (xgeneral) - Eogign S’LZG (:UZ)
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tions in the space because of their low overall benefit. But8.2 Effectiveness of Recommendations
because indexes can have higher benefit to a query when

combined with other indexes, the low benefit configurations
might turn to be the best ones later on. We have implemented five different combinatorial search

strategies in our Index Advisor. The five strategies are de-
scribed in Section 7: (1) greedy search (without heuristics),

8 Experiments (2) greedy search with the heuristics, (3) top down lite, (4)
top down full, and (5) dynamic programming.
8.1 Experimental Setup Figures 5 and 6 show the estimated speedup for the dif-

ferent search strategies with varying disk space budgets for
IBM DB2 9 (pureXML) supports both relational and the TPoX and XMark benchmarks, respectively. The fig-
XML data [6, 30]. We have modified the DB2 9 query ures also show the speedup for a configuration in which we
Optimizer to create a prototype version that supports the have XML indexes for every indexable XPath eXpreSSion in
two new optimizer modes that our Index Advisor requires. the query workloads (thall Index configuration). This is
These new modes are implementedEX®LAIN modes in the best possible configuration for a workload that consists
the optimizer. The client side XML Index Advisor is imple-  Of queries with no updates. The size of this configuration is
mented in Java 1.5, and communicates with the prototype95MB for TPoX and 149MB for XMark. In these figures,
server via JDBC. We have conducted our experiments on athere is no generalization to unseen queries in the work-
Dell PowerEdge 2850 server with two Intel Xeon 2.8GHz loads. We use the benchmark queries (11 for TPoX and
CPUs (with hyperthreading) and 4GB of memory running 16 for XMark) for recommending the indexes and also for
SusE® Linux 10. The database is stored on a 146GB 10K €evaluating the recommendations.
RPM SCSI drive. As expected, speedup increases as we increase the avail-
We used two XML benchmarks for our experiments: the able disk space budget, until it reaches the best possible
recent TPoX [29] benchmark and XMark [36]. We generate speedup of theAll Index configuration. Greedy search
the data for both benchmarks using a scale factor of 1GB.requires significantly more disk space thail Index to
For both benchmarks, we evaluate our XML Index Advi- match its performance. The reason is that greedy search of-
sor on the standard queries that are part of the benchmarken chooses multiple indexes that answer the same query,
specification: 11 XQuery queries for TPoX and 16 XQuery thereby wasting some of the available disk space budget
queries for XMark. To illustrate the effectiveness of our without gaining any benefit. The heuristics we use with
generalization algorithm, we also use synthetic queries ongreedy search are designed to avoid such errors, as can be
the TPoX data in Section 8.3. seen from Figure 5. Greedy search with heuristics and top
DB2 stores XML data in XML-typed columns of tables, down lite search are both able to achieve better speedups
and it can create XML indexes on these columns with spe-than greedy search, approaching the performance of dy-
cific index patterns that are given as XPath path expres-namic programming. These two search strategies achieve
sions [30]. The indexes can be used to answer structuralsimilar speedups in this experiment, but as we see in the
or value queries on the data. Hence, the goal of the XML next section, the recommended configurations can be differ-
Index Advisor is to recommend index patterns for indexes ent. Top down full search has the best performance because
on XML-typed columns, based on the workload queries. it takes into account index interaction. This makes it per-
Our metric for evaluating the recommendations of the form even better than dynamic programming (which does
XML Index Advisor is estimated speeduprhe estimated ~ Not take index interaction into account) for some cases.
execution time of the workload with no XML indexes di- Figure 7 shows that the superior recommendations of the
vided by the estimated execution time of the workload with top down full search come at a cost. The figure shows the
the index configuration recommended by the Index Advisor. run time of the Index Advisor for varying disk space bud-
In the following sections, we illustrate that our XML In-  gets on the TPoX workload. Top down full search takes up
dex Advisor makes good index recommendations that ef-to 7 times more than greedy search with heuristics. How-
fectively use the available disk space budget and that it isever, the run time of top down full search improves as the
efficient in terms of run-time. We also show that by using available disk space increases because it needs to explore
the top down search algorithm, the advisor can recommendfewer nodes in the DAG of candidate indexes before arriv-
general configurations that are useful beyond the traininging at a configuration that fits within the disk space bud-
workload. Furthermore, we demonstrate the accuracy ofget. The figure does not show the run time of greedy search
the statistics we create for cost estimation in the Evaluateor dynamic programming. Greedy search is faster than the
Indexes mode, and of our estimation of the cost of updatinggreedy search with heuristics, and dynamic programming is
indexes. more than 5 times slower than top down full search.
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Figure 5. Estimated speedup (TPoX). Figure 7. Advisor runtime (TPoX).

7 | Queries| Basic Cands] Total Cands.|
5 4 10 12 16
g 20 23 34
g ° / 30 33 49
34 40 42 60
£ 50 52 81
=3 —+-All Index ]
g —e-DynProg Table 6. Number of candidates (TPoX).
% 2 -=-TopDn Full
w ] -@-TopDn Lite
- Heuristic recommend a set of indexes that is useful for the workload
—=—CGreedy . . .
0 ‘ and as general as possible given the disk space budget. The
10 Disk Spase Constraint (ME) 1000 generality of these indexes is typically not expected to add

any benefit to the workload queries, but it will make the
configuration more usable if the workload has new unseen
gueries added to it in the future.
8.3 Recommending General Indexes Tables 7 and 8 show the number of general and specific
_ _ . indexes recommended for different disk space budgets by
In this section, we demonstrate that our Index Advisor greedy search with heuristics, top down lite search, and top
can recommend indexes that are more general than the cargown full search for the 11 TPoX and the 16 XMark bench-
didates appearing in the workload, and that these indexesmark queries, respectively. Greedy search with heuristics is
can benefit future queries different from those in the train- not designed with the explicit goal of recommending gen-
ing workload. This is a key feature of our Index Advisor.  eral indexes and so it is very conservative about recom-
. The first quesno.n we address_|s how many generalizedmending them. Top down search, on the other hand, rec-
indexes can potentlally be found in a workload. To address ommends more genera| indexes the more disk space it has.
this question, we generated synthetic workloads consisting o show the effect of recommending general indexes
of random XPath path expressions that occur in the data.y, speedup for different workloads, we perform an exper-
Table 6 shows for TPoX the number of basic candidate in- jment where the training workload used by the Index Ad-
dexes generated by the query optimizer in Enumerate In-yisor for recommending indexes is different from the test
dexes mode for these workloads as the number of workload
queries increases, and also the total number of candidate
indexes after candidate generalization. The numbers show} Disk Budget| Heuristics [ Top Down Lite | Top Down Full |

Figure 6. Estimated speedup (XMark).

that, even for these random workloads with little or no local- [70o0mB G:0,515 ] G: 1,5: 14 G:1,5: 14

ity, we are able to expand the number of candidate indexe§ 5oovB G 0515 G359 G 2511

by more than 25% to 50% by adding general candidate in-1500mB G 0S15 G45S7 G 358

dexes. _ , 2000MB | G:1,5:13] G:8,S:0 G:8,S:0
The next question we address is how many of the genera

candidate indexes we generate can be recommended by our Taple 7. Number of general (G) and specific
top down algorithm, and how useful these recommended (S) indexes recommended (TPoX).
indexes are. Recall that the goal of top down search is to
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Disk Budget | Heuristics | Top Down Lite | Top Down Full
100MB G:1,S:10 | G:0,S: 13 G:0,S:13
500MB G:1,S:11| G:3,S:5 G:5,S:5
1000MB G:2,S:4 | G:3,S:5 G:5,S:5

Table 8. Number of general (G) and specific
(S) indexes recommended (XMark).

workload used to evaluate the recommended configuration.
For TPoX, we used a workload of 20 queries, the 11 TPoX
queries followed by 9 synthetic queries generated as de-
scribed above to increase workload diversity. For XMark,
we used the 16 benchmark queries. We train (i.e., recom-
mend configurations) based argueries, and we test based
on the entire workload, and we vamyfrom 1 to the number

of queries (20 in our experiments). Figures 8 and 9 show the
estimated speedup on the test workload as we vary the train-
ing workload size for TPoX and XMark respectively, with a
disk space budget of 2GB. The figures show the speedup for
top down lite search, greedy search with heuristics, and an
All Indexconfiguration that is based on the entire test work-
load. In this case, the speedup of top down full is similar
to that of top down lite, so we eliminate it from the figure
for clarity. The figure shows that as the advisor sees more
and more of the test workload, it can recommend a configu-
ration approaching thall Index configuration using either
search strategy. However, it is clear from the TPoX data
that top down search is quite effective at using the available
disk space to generalize from the queries seen in the train-
ing workload to the unseen queries in the test workload,
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(XMark).

N

o

whereas greedy search with heuristics is unable to perform

such generalization. when updating the database with update, insert, or delete
Figure 10 shows thectual speedup corresponding to (UDI) statements.

Figure 8. When computing actual speedup, we had to elim-  The key statistic used by Evaluate Indexes mode is
inate from the workload two queries that we timed out af- the size of a virtual index. We have found that for the
ter 10 hours when there were no indexes, but that finishedTpox and XMark workloads, the median relative estima-
in less than 30 seconds using the index configuration rec-tion error for this statistic is 12% and 11%, respectively.
ommended for them by our Index Advisor. These queries Notably, we are able to estimate size of large indexes —
gain the maximum benefit from our Index Advisor, but they which have the most impact on performance — with a very
cannot be plotted on the figure since their speedup is infi-small error. For example, the largest candidate indexes

nite! The figure shows actual speedup for the remaining 9 for TPoX were indexes ofFIXML/Order/OrdQty/@  *
queries of the TPoX benchmark, and we can see that the acand/FIXML/Order//@ *, and we were able to estimate

tual speedup corroborates the conclusions drawn from ourtheir size with 3.7% and 5.5% error, respectively.

estimated speedup experiments. In our client-side application, we estimate the penalty of

updating candidate configurations if the workload contains
UDI statements. Figure 11 illustrates the effect of this esti-
mation. We add to the TPoX workload a varying number of
The quality of the configurations recommended by the UDI statements that insert documents into one of the tables
XML Index Advisor depends on how accurate we are in (the Order table), and we use the Index Advisor to rec-
estimating the benefit of candidate configurations in the ommend a configuration with a 500MB disk space budget.
Evaluate Indexes optimizer mode, and in estimating in our The figure shows execution times (in millions of optimizer
client-side application the penalty of updating the index time units, otimerong as we vary the number of UDI state-

8.4 [Evaluating Candidate Configurations
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[ T also for other similar workloads that may be seen in the fu-
_ 6 -eTopDnlite ture, and (3) we always minimize the number of optimizer
% s > Heuristic calls.
8 //(\;/ Our index advisor uses the novel notion of a virtual uni-
g 4 versal index to leverage the query optimizer for recom-
¥, [ eSS ¢ mending candidate indexes. The advisor expands the set
i of candidate indexes recommended by the optimizer to in-
3(’) 2 clude additional, more general candidates that could benefit
1 multiple queries in the workload or other queries not seen
0 ‘ ‘ ‘ in the workload. From this set of candidates, our XML In-
0 5 10 15 20 dex Advisor chooses an optimal index configuration, taking
Training Workload Size (Queries) into account the disk space consumed by the indexes and
, L ) the additional cost they impose on update, delete, and insert
Figure 10. Generalization to unseen queries - statements. The advisor leverages the costing capabilities
Actual speedup (TPoX). of the optimizer to estimate the benefit of candidate index
configurations.
o P oy Our index.advisor can employ a variety of co_mbinatorial
%am || =Consider UpI ;earch algorithms to find the optimal _C(_)nfllguratlon depgnd—
St Ignore UDI ing on the goal of the user, whether it is finding a configu-
%_g © ration that is best only for the given workload, or finding a
§§ configuration that is as general as possible and so can help a
z 5 30 wide variety of workloads. If the run time of the advisor is
% 5 M not a concern, then top down full search is an algorithm that
£520 e can simultaneously accomplish both goals as best as possi-
& e ble, depending on the training workload and the available
1 - — disk space budget. For a more efficient search that reduces
o VM S the advisor run time, greedy search with heuristics is the al-
0% 20% 40% 60% 80% 100% 120% 140% 160% 180% 200% gorlthm of choice for flndlng Configurations that are useful
Insertions as a Percentage of Table Size only for the specific workload, and top down lite search is

the algorithm of choice for finding general configurations
that make the best possible use of the available disk space.
We have implemented our XML Index Advisor in a pro-
ments. The figure shows the case where the design adViSOfotype version of DB2, and our experiments with this im-
ignores UDI statements while recommending a configura- plementation show that our Index Advisor can effectively
tion, and for the case where the design advisor takes UDIrecommend indexes that result in significant speedups for
statements into account. As the number of UDI statementsyorkload queries.
increases, workload execution time increases in all cases,
but the advisor that takes into account UDI statements is
able to reduce the increase in execution time by dropping
indexes when the penalty for updating them exceeds their
benefit (which happens when insertions are around 80% of [ S. Agrawal, S. Chaudhuri, L. Kdif, A. P. Marathe, V. R.
the table size). The figure also shows that the queries inthe ~ Narasayya, and M. Syamala. Database tuning advisor for

workload suffer when indexes are dropped, but dropping the __ MICrosoft SQL Server 2005. INLDB, 2004.
[2] A. Balmin, K. S. Beyer, FOzcan, and M. Nicola. On the

Figure 11. Effect of updates (TPoX).
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