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Abstract

Queries navigate semistructured data via path
expressions, and can be accelerated using an
index. Our solution encodes paths as strings, and
inserts those strings into a special index that is
highly optimized for long and complex keys. We
describe the Index Fabric, an indexing structure
that provides the efficiency and flexibility we
need. We discuss how "raw paths" are used to
optimize ad hoc queries over semistructured
data, and how "refined paths" optimize specific
access paths. Although we can use knowledge
about the queries and structure of the data to
create refined paths, no such knowledge is
needed for raw paths. A performance study
shows that our techniques, when implemented on
top of a commercial relational database system,
outperform the more traditional approach of
using the commercial system’s indexing
mechanisms to query the XML.

Introduction

structure takes the place of a schema in traditional,

structured database systems. Evaluating queries over
semistructured data involves navigating paths through this
relationship structure, examining both the data elements
and the self-describing element names along the paths.
Typically, indexes are constructed for efficient access.

One option for managing semistructured data is to
store and query it with a relational database. The data
must be converted into a set of tuples and stored in tables;
for example, using tools provided with Oracle 8i/9i [25].
This process requires a schema for the data. Moreover,
the translation is not trivial, and it is difficult to efficiently
evaluate queries without extensions to the relational
model [26]. If no schema exists, the data can be stored as
a set of data elements and parent-child nesting
relationships [17]. Querying this representation is
expensive, even with indexes. The STORED system [12]
uses data mining to extract a partial schema. Data that
does not fit the schema well must be stored and queried in
its native form.

An alternative option is to build a specialized data
manager that contains a semistructured data repository at
its core. Projects such as Lore [24] and industrial products
such as Tamino [28] and XYZFind [29] take this

Database management systems are increasingly beingnroach. Itis difficult to achieve high query performance

called upon to manageemistructurediata: data with an  sing semistructured data repositories, since queries are

irregular or  changing organization. An example again answered by traversing many individual element to
application for such data is a bu_smess—to-pusmess pro‘_ju‘é‘iement links, requiring multiple index lookups [23].
catalog, where data from multiple suppliers (each withyigreover, semistructured data management systems do
their own schema) must be integrated so that buyers cagst have the benefit of the extensive experience gained
query it. .Semlstructured data is often represented as gjih relational systems over the past few decades.
graph, with a set of data elements connected by labeled T gglve this problem, we have developed a different
relationships, and this self-describing  relationshipapproach that leverages existing relational database
technology but provides much better performance than
Permission to copy without fee all or part of this material is granted previous approaches Our method encodes paths in the
provided that the copies are not made or distributed for directd ¢ tri d - ts th tri int index that
commercial advantage, the VLDB copyright notice and the title of thed@t@ as SlriNgs, and INserts these strings Into an inaex tha
publication and its date appear, and notice is given that copying is byiS highly optimized for string searching. The index blocks
permission of the Very Large Data Base Endowment. To copyand semistructured data are both stored in a conventional
otherwise, or to republish, requires a fee and/or special permission fromre|ationa| database system. Evaluating queries involves
the Endowment dina the desired path t. | h k tri
Proceedings of the 27th VLDB Conference, encoding e_ esiréd pa . ravers_a asa Se_arc ey strng,
Roma, Italy, 2001 and performing a lookup in our index to find the path.
There are several advantages to this approach. First, there




is no need fora priori knowledge of the schema of the
data, since the paths we encode are extracted from the
data itself. Second, our approach has high performance
even when the structure of the data is changing, variable
or irregular. Third, the same index can accelerate queries
along many different, complex access paths. This is
because our indexing mechanism scales gracefully with
the number of keys inserted, and is not affected by long or
complex keys (representing long or complex paths). Figure 1. A Patricia trie.

il e oo 300G s wll s & schema exyacted by he STORED
99 y b ?12] system. Both refined and raw paths are significantly

e 0% Pymber of S 1 Sfater than the DBS' e indexing mechanin
b ' ' sometimes by an order of magnitude or more. The

il;%ber)l(crés :J?rr;etrﬁgﬂsgr?]aeli?s:ﬁ ,anjcr)ng:a?to?ll /gchsszsrégﬂgiﬁerence is particularly striking for data with irregular
q ' structure, or queries that must navigate multiple paths.

we can index a large, complex, irregularly-structured,
disk-resident semistructured data set while providing11 Paper overview
efficient navigation over paths in the data. o P ) .
We manage two types of paths for semistructuredn this paper, we describe the structure of the Index Fabric
data. First, we can index paths that exist in the raw dat@nd how it can be used to optimize searches over
(calledraw pathg to accelerate any ad hoc query. We canSémistructured databases. Specifically, we make the
also reorganize portions of the data, to crestéined following contributions:
paths in order to better optimize particular queries. Both®  We discuss how to utilize the Index Fabric’s support
kinds of paths are encoded as strings and inserted into the for long and complex keys to index semistructured
Index Fabric. Because the index grows so slowly as we data paths encoded as strings.
add new keys, we can create many refined paths and thus We examine a simple encoding of trew pathsin a
optimize many access patterns, even complex patterns semistructured document, and discuss how to answer
that traditional techniques cannot easily handle. As a complex path queries over data with irregular
result, we can answer general queries efficiently using  Structure using raw paths.
raw paths, even as we further optimize certain queries We presentefined pathsa method for aggressively
using refined paths. Maintaining all of the paths in the optimizing frequently occurring and important access
same index structure reduces the resource contention that patterns. Refined paths support answering
occurs with multiple indexes, and provides a uniform complicated queries using a single index lookup.
mechanism that can be tuned for different needs. * We report the results of a performance study which
Although our implementation of the Index Fabric shows that a semistructured index based on the Index
uses a commercial relational DBMS, our techniques do  Fabric can be an order of magnitude faster than
not dictate a particular storage architecture. In fact, the traditional indexing schemes.
fabric can be used as an index over a wide variety of  This paper is organized as follows. In Section 2 we
storage engines, including a set of text files or a nativeintroduce the Index Fabric and discuss searches and
semistructured database. The index provides a flexiblayjpdates. Next, in Section 3, we present refined paths and
uniform and efficient mechanism to access data, whileraw paths and examine how they are used to optimize
utilizing a stable storage manager to provide propertiegueries. In Section 4 we present the results of our
such as concurrency, fault tolerance, or security. performance experiments. In Section 5 we examine
A popular syntax for semistructured data is XML related work, and in Section 6 we discuss our conclusions.
[30], and in this paper we focus on using the Index Fabric
to index XML-encoded data. XML encodes information 2 The Index Fabric

as data elements surrounded by tags, and tags can .
nested within other tags. This nesting structure can b‘?%e Index Fabric is a structure that scales gracefully to

viewed as a tree, and raw paths represent root-to-leaf" 9° numbers of keys, and is insensitive to the length or
traversals of this tree. Refined paths represent traversin ontent Of inserted strings. These feaFures are necessary to
the tree in some other way (e.g. from sibling to sibling). ea%_s;}en]ﬁéru;t'lzjri?id?tabpathj g;a‘:f:'?g?n 211, An

We have implemented the Index Fabric as an index € ex mapric 1S based dralricia tries [21].
on top of a popular commercial relational DBMS. To example Patricia trie is shown in Figure 1. The nodes are

evaluate performance, we indexed an XML data set usin beled Vz'tz Lhe;r:epth dtheT(r:]haracterf[iﬁsn:Doq '.n.thf. ke;iy
both the Index Fabric and the DBMS’s native B-trees. In' cP'c>€Nt€d by the node. The size€ of the Fatricia tne does

the Index Fabric, we have constructed both refined ancﬁ‘Ot dlfpeng don tthe Ietngth_ Ofl inl_sekrted dkeyg. I;Za:rr:er_, gach
raw paths, while the relational index utilized an edgenew €y adds at most a singie link and node fo the index,




Figure 2. A layered index.

even if the key is long. Patricia tries grow slowly even ascorresponds to the prefix “cas” and is connected to a

large numbers of strings are inserted because of theubtrie (rooted at a node representing “cas” and also

aggressive (lossy) compression inherent in the structure. labeled “3”) in layer 0 using an unlabeled direct link.
Patricia tries are unbalanced, main memory structures

that are rarely used for disk-based data. The Index Fabrig.1. Searching

is a structure that has the graceful scaling properties ofpe search process begins in the root node of the block in
Patricia tries, but that is balanced and optimized for disk+ne |eftmost horizontal layer. Within a particular block
based access like B-trees. The fabric uses a novel, layergfe search proceeds normally, comparing characters in the
approach: extra layers of Patricia tries allow a search tQgacch key to edge labels, and following those edges. If
proceed directly to a block-sized portion of the index thatihe |apeled edge is a far link, the search proceeds
can answer a query. Every query accesses the Sam@yizontally to a different block in the next layer to the
number of layers, providing balanced access to the indexgh; |f no labeled edge matches the appropriate character
_ More specifically, the basic Patricia trie string index f the search key, the search follows a direct (unlabeled)
is divided into block-sized subtries, and these blocks argdge horizontally to a new block in the next layer. The
indexed by a second trie, stored in its own block. We carsearch proceeds from layer to layer until the lowest layer
represent this second trie as a new horizontal layergaver 0) is reached and the desired data is found. During
complementing the vertical structure of the original trie. If ine search in layer 0, if no labeled edge matches the
the new horizontal layer is too large to fit in a single disk 555 r0priate character of the search key, this indicates that
block, it is split into two blocks, and indexed by a third e key does not exist, and the search terminates.
horizontal layer. An example is shown in Figure 2. The gtherwise, the path is followed to the data. It is necessary
trie in layer 1 is an index over the common prefixes of theyq erify that the found data matches the search key, due
blocks in layer 0, where a common prefix is the prefix i the lossy compression of the Patricia trie.

represented by the root node of the subtrie within a block.  The search process examines one block per layer
In Figure 2, the common prefix for each block is shown in gng aways examines the same number of layers. If the
“quotes”. Similarly, layer 2 indexes the common prefixespocks correspond to disk blocks, this means that the
of layer 1. The index can have as many layers asearch could require one 1/O per layer, unless the needed
necessary; the leftmost layer always contains one block. p|ock is in the cache. One benefit of using the Patricia

There are two kinds of links from layerto layeri-1:  girycture is that keys are stored very compactly, and many
labeled far links{me ) and unlabeled direct linkswg ).
Far links are like normal edges in a trie, except that a far1I ) ble for th 0 q h block
n connects a node inone layer 0 a subio n the next 5 PSS [ 1 S osedure oo e wiong i,
Iayer. A directlink Con.nects anodein oneilayer toa bIOCk'prefixes in the non-leaf layers. This phenomenon is unique to
with a node representing the same prefix in the next laye

h . i the multi-layer Patricia trie structure. In practice, such mistakes
Thus, in Figure 2, the node labeled “3” in layer 1 zrerare in a well-populated tree. See [10].




Doc 1: <invoice> Doc 2: <invoice>
<buyer> <buyer>
<name>ABC Corp</name> <name>Oracle Inc</name>
<address>1 Industrial Way</address> <phone>555-1212</phone>
</buyer> </buyer>
<seller> <seller>
<name>Acme Inc</name> <name>|BM Corp</name>
<address>2 Acme Rd.</address> </seller>
</seller> <item>
<item count=3>saw</item> <count>4</count>
<item count=2>drill</item> <name>nail</name>
<finvoice> <fitem>
</invoice>

Figure 3. Sample XML.

keys can be indexed per block. Thus, blocks have a verdiscuss encoding XML paths as keys for insertion into the
high out-degree (number of far and direct links referringfabric, and how to use path lookups to evaluate queries.
to the next layer to the right.) Consequently, the vastAs a running example, we will use the XML in Figure 3.
majority of space required by the index is at the rightmost

layer, and the layers to the left (layer 1,2)..are  3.1. Designators

significantly smaller. In practice, this means that an indexye encode data paths usingesignators: special
storing a large number of keys (e.g. a billion) requirescharacters or character strings. A unique designator is
three layers; layer 0 must be stored on disk but layers ]assigned to each tag that appears in the XML. For
and 2 can reside in main memory. Key lookups require atexample, for the XML in Figure 3, we can chookéor
most one 1/O, for the leaf index layer (in addition to data _jpice> . B for <buyer> , N for <name>, and so
l/Os). In the present context, this means that followingy, - oy jiiustration, here we will represent designators as

any indexed path through the semistructured data, NBoldface characters.) Then, the strin®@NABC Corp”
matter how long, requires at most one index I/O. has the same meaning as the XML fragment

<invoice>

2.2. Updates <buyer><name>ABC Corp</name></buyer>
Updates, insertions, and deletions, like searches, can be </invoice> o _
performed very efficiently. An update is a key deletion The deS|gna'Fo_r-en_coded XML string is |_nserte_d into the
followed by a key insertion. Inserting a key into a Patricia layered Patricia trie of the Index Fabric, which treats
trie involves either adding a single new node or adding arflésignators the same way as normal characters, though
edge to an existing node. The insertion requires a changgonceptually they are from different alphabets.
to a single block in layer 0. The horizontal index is [N order to interpret these designators (and
searched to locate the block to be updated. If this blockonsequently to form and interpret queries) we maintain a
overflows, it must be split, requiring a new node at layerMapping between designators and element tags called the
1. This change is also confined to one block. Splitsdesignator dictionaryWhen an XML document is parsed
propagate left in the horizontal layers if at each Iayerfc?r |_ndexmg, each tag is matched to a designator using the
blocks overflow, and one block per layer is affected. dictionary. New designators are generated _automatlcally
Splits are rare, and the insertion process is efficient. If thdOr nNew tags. The tag names from queries are also
block in the leftmost horizontal layer (the root block) translated into designators using the d|ct|on_ary, to form a
must be split, a new horizontal layer is created. search key over the Index Fabric. (See Section 3.5.)

To delete a key, the fabric is searched using the key
to find the block to be updated, and the edge pointing to3-2. Raw paths
the leaf for the deleted key is removed from the trie. It iSRaw paths index the hierarchical structure of the XML by
possible to perform block recombination if block storageencoding root-to-leaf paths as strings. Simple path
is underutilized, although this is not necessary for theexpressions that start at the root require a single index
correctness of the index. Due to space restrictions, we dtbokup. Other path expressions may require several
not present insertion, deletion and split algorithms herelookups, or post-processing the result set. In this section,

The interested reader is referred to [10]. we focus on the encoding of raw paths. Raw paths build
on previous work in path indexing. (See Section 5).
3. Indexing XML with the Index Fabric Tagged data elements are represented as designator-

encoded strings. We can regard all data elements as
aves in the XML tree. For example, the XML fragment
<A>alpha<B>beta<C>gamma</C></B></A>

Because the Index Fabric can efficiently manage larg
numbers of complex keys, we can use it to search man
complex paths through the XML. In this section, we



(@) <invoice> =1 (b) Document 1 Document 2
<buyer> =B I B N ABC Corp I B N Oracle Inc
<name>=N I B A 1 Industrial Way | B P 555-1212
<address> =A I'S N Acme Inc I'S N IBM Corp
<seller> =S I'SA 2 Acme Rd. ITC4
<item> =T 1 T drill I T N nail
<phone> =P ITC 2
<count> =C
count (attribute) = C’ : $ éavé

Designator

A Normal character data

IBA1
Industrial 1212: Doc 2
Way: .
Doo 1 Aome Rd.: e 'S N IBM
Acme Inc: Corp:
Doc 1 Doc 2
I B N ABC I BN
Corp: Oracle Inc:
Doc 1 Doc 2

©
Figure 4. Raw paths.

can be represented as a tree with three root-to-leaf pathpreviously can be assigned new designators “on-the-fly”
<A>alpha , <A><B>beta and<A><B><C>gamma f as the document is being indexed. Currently, this process
we assignA, B and C as the designators ferA>, <B>  does not preserve the sequential ordering of tags in the
and <C> respectively, then we can encode the paths inXML document. We have developed a system of alternate
this XML fragment as A alpha’, “A B beta” and “A B designators to encode order, but do not have space to
C gamma.” This is a prefix encodingof the paths: the ~discuss those techniques here.
designators, representing the nested tag structure, appear
at the beginning of the key, followed by the data element3.2.1.  Raw path example
at the leaf of the path. This encoding does not require &he XML of Figure 3 can be encoded as a set of raw
pre-existing, regular or static schema for the data. paths. First, we assign designators to tags, as shown in
The alternative isinfix encoding in which data Figure 4(a). Next, we encode the root-to-leaf paths to
elements are nodes along the path. An infix encoding oproduce the keys shown in Figure 4(b). Finally, we insert
the above fragment would be A" alpha B beta C  these keys in the Index Fabric to generate the trie shown
gamma.” Here, for clarity, we will follow the convention in Figure 4(c). For clarity, this figure omits the horizontal
of previous work, which is to treat data elements aslayers and some parts of the trie.
leaves, and we will focus on the prefix encoding.
Tags can contain attributes (name/value pairs.) We3.3. Refined paths

treat attributes  like tagged children; €.9<A  Refined paths are specialized paths through the XML that
B="alpha’>... s treated as if it werecA><B>alpha  optimize frequently occurring access patterns. Refined
</B>.... The result is that attributes ofA> appear as paths can support queries that have wildcards, alternates
siblings of the other tags nested withitA>. The label and different constants.
“B” is assigned different designators when it appears as a For example, we can create a refined path that is
tag and an attribute (e.§=tag,B’=attribute). tuned for a frequently occurring query over the XML in
At any time, a new document can be added to the rawFigure 3, such as “find the invoices where compaXxiy
path index, even if its structure differs from previously sold to companyY.” Answering this query involves
indexed documents. The root-to-leaf paths in thefinding <buyer> tags that are siblings of aseller>
document are encoded as raw path keys, and inserted in{gg within the samesinvoice>  tag. First, we assign a
the fabric. New tags that did not exist in the index



designator, such asZ)” to the path. (Recall that “invoice.buyer.name.”"ABC Corp’ " We use a
designators are just special characters or strings showkey lookup operatorto search for the raw path key
here in boldface for clarity.) Next, we encode the corresponding to the simple path expression.
information indexed by this refined path in an Index Raw paths can also be used to accelegaaeral
Fabric key. If “Acme Inc” sold items to “ABC Corp,” we path expressionswhich are vital for dealing with data
would create a key of the formz* ABC Corp Acme  that has irregular or changing structure because they
Inc.” Finally, we insert the keys we have created into theallow for alternates, optional tags and wildcards. We
fabric. The keys refer to the XML fragments or expand the query into multiple simple path expressions,
documents that answer the query. (See Section 3.4.) and evaluate each using separate key lookup operators.
This encoding scheme is similar to that used for rawThus, the path expressioA.(B ;|B,).C results in
paths, with designators and data elements in the same keyearches foA.B ;.C and A.B,.C. This means multiple
In a sense, we are overloading the metaphor of encodingaversals but each traversal is a simple, efficient lookup.
paths as strings to support optimizing specific queries by  |f the query contains wildcards, then it expands to an
encoding specialized paths. Raw and refined paths argfinite set. For exampleA.(%)*.C  means find every
kept in the same index and accessed u_sing stringllookups<c> that has an anceste’A>. To answer this query, we
Adding new documents to the refined path index iSgiart by ysing grefix key lookupoperator to search for

accomplished in two steps. First, the new documents arg,, «x» prefix, and then follow every child of the A"
parsed to extract information matching the access patternreﬁx node to see if there is aC* somewhere down

of the refined path. Then, this information is encoded a{elow Because we “orefix-encode” all of the raw paths
an Index Fabric key and inserted into the index. Changes ' P P '

to refined paths are reflected in simple key updates. We can prune branches dee_per than the designators (e.qg.
The database administrator decides which refined®""®" & S¢¢ the frstnon-designator character,) =
paths are appropriate. As with any indexing scheme P 9

. . . Structure that summarizes the XML hierarchy. For
creating a new access path requires scanning the database

and extracting the keys for insertion into the index. Ourexample, Fernandez and Suciu [15] describe techniques

structure grows slowly as new keys are inserted. Thusfor utilizing partial knowledge of a graph structure to

. . : . - &)rune or rewrite general path expressions.
unlike previous indexing schemes, we can pre-optimize

great many queries without worrying about resource, Queneg J.[hat correspond to refined paths. can be
contention between different indexes. further optimized. The query processor identifies the

query as corresponding to a refined path, and translates
- . . the query into a search key. For example, a query “Find
3.4. Combining the index with a storage manager all invoices where ABC Corp bought from Acme Inc”
Because the Index Fabric is an index, it does not dictate fecomes Z ABC Corp Acme Inc.” The index is
particular architecture for the storage manager of the&earched using the key find the relevant XML. The search
database system. The storage manager can take a numb@es the horizontal layers and is very efficient; even if

of forms. The indexed keys can be associated withhere are many millions of indexed elements, the answer
pointers that refer to flat text files, tuples in a relational can be found using at most a single index I/0.

system, or objects in a native XML database. In any case,
searching the fabric proceeds as described, and thg Experimental results

returned pointers are interpreted appropriately by the )
database system. In our implementation, both the indeYVeé have conducted performance experiments of our

blocks and the actual XML data are stored in a relationafndexing mechanism. We stored an XML-encoded data
database system. Thus, we leverage the maturity of thet in @ popular commercial relational database system

RDBMS, including concurrency and recovery features. and compared the performance of queries using the
DBMS’ native B-tree index versus using the Index Fabric

implemented on top of the same database system. Our
erformance results thus represent an “apples to apples”
omparison using the same storage manager.

3.5. Accelerating queries using the Index Fabric

Path expressions are a central component OE
semistructured query languages (e.g. Lorel [2] or Quilt

[6]). We focus orselectionusing path expressions, that is,
choosing which XML documents or fragments answer th
query, since that is the purpose of an index. We assum&he data set we used was the DBLP, the popular
that an XML database system could use a standaré]omp‘.iter science bibliography [11]. The DBLP is a set of
approach, such as XSLT [31], to perfoprojection XML-like documents; each document corresponds to a

A simple path expressicspecifies a sequence of tags
starting from the root of the XML. For example, the query ; ] — o
“Find invoices where the buyer is ABC Corp” asks for The license agreement prohibits publishing the name of the

; tA DBMS with performance data. We refer to it as “the RDBMS.”
XML documents that contain the root-to-leaf path Our system can interoperate with any SOL DBMS.

e4.1. Experimental setup




<article key="Codd70"> Query Description
<author>E. F. Codd</author>, A Find books by publisher
<title>A Relational Model of Data for Large B Find f b h
Shared Data Banks.</title>, Ind conterence papers y author
<pages>377-387</pages>, C Find all publications by author
D
E

<year>1970</year>, Find all publications by co-authors

<volume>13</volume>, Find all publications by author and year
<journal>CACMc</journal>,

<number>6</number>, Table 1. Queries.
<url>db/journals/cacm/cacm13.html#Codd70</url> ;
<ee>dbljournals/cacm/Codd70.htmi</ee> to thg edge mapping. The sc.hema.for the SM tables was
<cdrom>CACMs1/CACM13/P377.pdf</cdrom> obtamgd frc_)r_’n the STORED investigators [13]. The SM
</article> tables identified for the DBLP data aiproceedingsfor
Figure 5. Sample DBLP document. conference papers, andrticles for journal papers.

. o Conference and journal paper information that does not fit
single publication. There are over 180,000 documentsinto the SM tables is stored in overflow buckets along
totaling 72 Mb of data, grouped into eight classes (journalyith other types of publications (such as books.)
about the type of publication, the title of the publication, query processor may have to examine the SM tables, the
the authors, and so on. A sample document is shown iverflow buckets, or both. We created the following key-
Figure 5. Although the data is somewhat regular (e.gcompressed B-tree indexes:
every publication has a title) the structure varies from,  An index on each of theauthor attributes in the
document to document: the number of authors varies, inproceedingsndarticles SM tables.
some fields are omitted, and so on. R

We used two different methods of indexing the XML
via the RDBMS’ native indexing mechanism. The first
method, thébasic edge-mappindreats the XML as a set
of nodes and edges, where a tag or atomic data eleme'&tOr
corresponds to a node and a nested relationshi
corresponds to an edge. The database has two tabl
roots(id,label) and edges(parentid,childid,label) The
rootstable contains a tuple for every document, withiin
for the document, and label, which is the root tag of the
document. Theedgestable contains a tuple for every
nesting relationship. For nested tagayentidis the ID of
the parent nodeghildid is the ID of the child node, and
label is the tag. For leaves (data elements nested withi
tags), childid is NULL, andlabel is the text of the data
element. For example, the XML fragment

<book><author>Jane Doe</author></book>
is represented by the tuple (0,bookyaotsand the tuples
(0,1,author) and (NULL,Jane Doe) inedges (Keeping
the leaves as part of thedgestable offered better X . .
performance than breaking them into a separate table All experiments used the same installation of the

We created the following key-compressed B-tree indexes; DBMS, running on an 866 MHz Pe_ntlum Il machine,
. . . with 512 Mb of RAM. For our experiments, we set the
« Anindex onroots(id), and an index omoots(label)

. ! . cache size to ten percent of the data set size. For the edge-
* An index on edges(parentid), an index on .nning and STORED mapping schemes, the whole
edges(childid)and an |nde>§ onedges(label) . cache was devoted to the RDBMS, while in the Index
Th'e segond methoq of .mdexmg XML using the Fabric scheme, half of the cache was given to the fabric
DBMS’' native mechanism is to use the relational

; and half was given to the RDBMS. In all cases,
mapping generated by the STORED [12] system to creat was g

a set of tables, and to build a set of B-trees over the table%xperiments were run on a cold cache. The default
V2 ) . DBMS logging was used both for queries over the
We refer to this scheme as th8§ TORED mapping gging d

- relational mappings and queries over the Index Fabric.
STORED uses data mining to extract schemas from the We evaluated a series of five queries (Table 1) over

data based on frequently occurring structures. Thqh DBLP data. We ran each query multiple times with
extrac,t’ed schemas are used to create storage—ma_ppagﬁerent constants; for example, with query B, we tried
tables” (SM tables). Most of the data can be mapped NG, 000 different authors. In each case, 20 percent of the
tuples and stored in the SM tables, while more irregularly .’ '

. L query set represented queries that returned no result
structured data must be storedowerflow bucketssimilar because the key was not in the data set.

An index on thebooktitle attribute (e.g., conference
name) in theénproceedinggable.

An index on theid attribute of each SM table; thd

joins withroots(id)in the overflow buckets.

both the edge and STORED mapping it was necessary
% hand tune the query plans generated by the RDBMS,
&ince the plans that were automatically tended to us
inefficient join algorithms. We were able to significantly
improve the performance (e.g. reducing the time to
execute thousands of queries from days to hours).

The Index Fabric contained both raw paths and
refined paths for the DBLP documents. The fabric blocks
were stored in an RDBMS table. All of the index schemes
We studied index the document IDs. Thus, a query
processor will use an index to find relevant documents,
retrieve the complete documents, and then use a post-
processing step (e.g. with XSLT) to transform the found
documents into presentable query results. Here, we focus
on the index lookup performance.



I/O - Blocks Time - Seconds
Edge Map STORED Raw path  Refined path fFdge Map BTORED |[Raw path Ré¢fined path

value A | value A | value A | value A value A |value A |value A |[value A
416 (1.0l 370 |11 13 32.0 - - 6 1.0 4 15| 083 | 7.2 - -
68788 |1.0] 26490 |2.6] 6950 9.9 - - 1017 {1.0] 293 |3.5| 81 12.6 - -

69925 |1.0f 61272 |1.1| 34305 | 2.0 | 20545 | 3.4 1056 |1.0|] 649 |1.6] 397 | 2.7 | 236 | 45
353612 |1.0] 171712 |2.1| 89248 | 4.0 [ 17337 |20.4 5293 |1.0| 2067 |2.6| 975 | 54 | 208 |25.4
327279 |1.0] 138386 |2.4| 113439 | 2.9 | 16529 | 19.8 4835 [1.0] 1382 |3.5] 1209 | 4.0 | 202 |23.9

moOw>

Table 2. Experimental results.
The experimental results are summarized in Table 2.
(TheA column is speed-up versus edge mapping.) In eac.3. Query B: Find conference papers by author
case, our index is more efficient than the RDBMS alone,Thjs query accesses a large portion of the DBLP, as
with more than an order of magnitude speedup in som@gnference papers represent 57 percent of the DBLP

instances. We discuss the queries and results next. publications. We chose this query because it uses a single
. . SM table in the STORED mapping. The SM table
4.2. Query A: Find books by publisher generated by STORED for conference papers has three

Query A accesses a small portion of the DBLP databaseguthor attributes, and overflow buckets contain any
since out of over 180,000 documents, only 436additional authors. In fact, the query processor must take
correspond to books. This query is also quite simplethe union of two queries: first, find document IDs by
since it looks for document IDs based on a single root-to-author in theinproceedingsSM table, and second, query
leaf path, book.publisher. X' for a particular X. any inproceedings.author. X paths in theroots
Since it can be answered using a single lookup in the ravand edgesoverflow tables. Both queries are supported by
path index, we have not created a refined path. The querB-trees. The edge mapping uses a similar query to the
can be answered using the basic edge-mapping bgverflow buckets. The query is answered with one raw
selecting “book” tuples from theoots table, joining the path lookup (forinproceedings.author. X) and
results with “publisher” tuples from thedgestable, and  we did not create a refined path.
joining again with the edges table to find data elements  The results in Table 2 are for queries with 7,000
“X'. The query cannot be answered from the storagalifferent author names. Raw paths are much more
mapped tables (SM tables) in the STORED mappingefficient, with an order of magnitude less time and 1/O’s
Because books represent less than one percent of tlikan the edge mapping, and 74 percent fewer 1/0s and 72
DBLP data, they are considered “overflow” by STORED percent less time than the STORED mapping. We have
and stored in the overflow buckets. plotted the I/Os in Figure 7 with the block reads for index
The results for query A are shown in Table 2, andblocks and for data blocks (to retrieve document IDs)
represent looking for 48 different publishers. The rawbroken out; the data reads for the Index Fabric include the
path index is much faster than the edge mapping, with aesult verification step for the Patricia trie. For the
97 percent reduction in block reads and an 86 percenBTORED mapping, Figures 6 and 7 separate I/Os to the
reduction in total time. The raw path index is also fasteredge-mapped overflow buckets and 1/Os to the SM tables.
than accessing the STORED overflow buckets, with 96  Although SM tables can be accessed efficiently (via a
percent fewer 1/Os and 79 percent less time. Note that th8-trees on theauthor attributes), the need to go to the
overflow buckets require less time and I/Os than the edgeverflow buckets to complete the query adds significant
mapping because the overflow buckets do not contain theverhead. The performance of the edge mapping, which is
information stored in the SM tables, while the edgean order of magnitude slower than the raw paths,
mapping contains all of the DBLP information and confirms that this process is expensive. This result
requires larger indexes. illustrates that when some of the data is irregularly
These results indicate that it can be quite expensivetructured (even if a large amount fits in the SM tables),
to query semistructured data stored as edges anihen the performance of the relational mappings (edge
attributes. This is because multiple joins are requirecand STORED) suffers.
between theoots and edgestable. Even though indexes
support these joins, multiple index lookups are required4.4. Other queries
and these increase the_ tlme_ to answer _the query.  Query C (find all document IDs of publications by
Moreover, the DBLP data is re_lat|vely shallow, in that the author X) contains a wildcard, since it searches for the
path length f_rom root to leaf is only two edges._ Deeperpath “(9%)*.author. X" The results in Table 2
XML data, with longer path lengths, would require even o osent queries for 10,000 different author names.
more joins and thu_s more index lookups. In contrast, a Query D seeks IDs of publications co-authored by
single index lookup is required for the raw paths. author “X" and author *v.” This is a “sibling” query that
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Figure 6. Query B: find conference paper by author. Figure 7. Query D: Find publications by co-authors.

looks for two tags nested within the same parent tag. Theonceptually similar to DataGuides [18].
results in Table 2 are for queries on 10,000 different pairs A join index, such as that proposed by Valduriez
of authors, and the I/Os are shown in Figure 7. [27], precomputes joins so that at query time, specific
Query E (find IDs of publications by authofin year  queries are very efficient. This idea is similar in spirit to
Y) also seeks a sibling relationship, this time betweerour raw and refined paths. However, a separate join index
<author> and <year> . The difference is that while must be built for each access path. Moreover, a join index
<author> is very selective (with over 100,000 unique is sensitive to key length, and is usually only used for a
authors), there are only 58 different years (including itemssingle join, not a whole path.
such as “1989/1990"). Consequently, there are a large Path navigation has been studied in object oriented
number of documents for each year. The results in Tabl€OO) databases. OO databases use sequences [4,22] or
2 are for 10,000 author/year pairs. hierarchies of path indexes [32] to support long paths,
The results shown in Table 2 illustrate that irregularly requiring multiple index lookups per path. Our
structured data is a significant obstacle to managingnechanism supports following paths with a single index
semistructured data in a relational system. For thdookup. Also, OO indexes support linear paths, requiring
STORED mapping, the SM tables can be accessedultiple indexes to evaluate “branchy” queries. Our
efficiently, but the queries cannot be fully answeredstructure provides a single index for all queries, and one
without costly access to the overflow buckets. The edgdookup to evaluate the query using a refined path. Third,
mapping (which treats all data as irregularly structured) issemistructured data requires generalized path expressions
even less efficient, since every query must be evaluateth order to navigate irregular structure. Although
using expensive self-joins. Thus, even though there ar€hristophides et al. [8] have studied this problem, their
multiple raw path lookups for queries C, D and E, the rawwork focuses on query rewriting and not indexes, and our
paths outperform the relational mappings in each casenechanism could utilize their techniques (or those of
Moreover, the refined paths offer a significant [15]) to better optimize generalized path expressions over

optimization, especially for complex queries. raw paths. Finally, OO indexes must deal with class
inheritance [7], while XML indexes do not.
5. Related work Text indexing has been studied extensively in both

The proslem of siorng, indexing and_searcning XSN1Z0 1Y St daebases Sl sy ond
semistructured data has gained increasing attentiofo P Y ' '

[156,23. Shanmugasundaram et al [26] haveprOVide partial-match searching rather than path
in\’/e,st’igatéd using DgrD’s to map the XML data into navigation. Several data and query models for structured

relational tables. The STORED system extracts thedata besides XML have been studied [3]; our techniques

schema from the data itself using data mining [12]. Bothc&" be adaptgd for these Oth‘?r. ”"Ode.'s- chers have
[26] and [12] note that it is difficult to deal with data that S cnded text indexes and multidimensional indexes to
has irregular or variable structure. Florescu anddeal with structured_ data [20]; our structyral en_codmg IS
Kossmann have examined storing XML in an RDBMS aseW: and we deal w_|th_ all of the structure in one index.
a set of attributes and edges, using little or no knowledg The In(_jex Fabric is a balanced structure like a B-iree

y 9], but unlike the B-tree, scales well to large numbers of
of the document structure [17], for example, the edg eys and is insensitive to the length or complexity of
mapping we examine here. Other systems store the da y 9 plexity

a . . .
“natively” using a semistructured data model [24,28,29]. eys. Diwan et al have examined taking general graph
Evaluating path expressions in these systems usuall

%tructures and providing balanced, disk based access [14].
requires multiple index lookups [23]. Raw paths are ur structure is optimized specifically for Patricia tries.



6. Conclusions

We have investigated encoding paths throughl1l]
semistructured data as simple strings, and performing
string lookups to answer queries. We have investigatedi2]
two options: raw paths, which assume reo priori
knowledge of queries or structure, and refined paths,
which take advantage of such knowledge to achievgig)
further optimization. Our techniques rely on the Index

. : : (14]
Fabric for high performance string lookups over a large
set of non-uniform, long, and complex strings. While the
indexing mechanisms of an RDBMS or semistructured[15]
data repository can provide some optimization, they have
difficulty achieving the high performance possible with [16]
our techniques. Our experimental results confirm that
implementing our techniques on top of an RDBMS offers 17
a significant improvement over using the RDBMS’s
native indexes for semistructured data. This is especially
true if the query is complex or branchy, or accesseg g
“irregular” portions of the data (that must be stored in
overflow buckets). Clearly, the Index Fabric represents an
effective way to manage semistructured data. [19]
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