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Abstract—XML indexing and search has become an impor-
tant topic, and twig joins are key building blocks in XML
search systems. This paper describes a novel approach using
a nested loop twig join algorithm, which combines several
existing techniques to speed up evaluation of XML queries.
We combine structural summaries, path indexing and prefix
path partitioning to reduce the amount of data read by the
join. This effect is amplified by only reading data for leaf
query nodes, and inferring data for internal nodes from the
structural summary. Skipping is used to speed up merges where
query leaves have differing selectivity. Multiple access methods
are implemented as materialized views instead of succinct
secondary indexes for better locality. This redundancy is made
affordable in terms of space by using compression in a back-end
with columnar storage. We have implemented an experimental
prototype, which shows a speedup of two orders of magnitude
on XPath queries with value predicates, when compared to
existing open source and commercial systems using a subset of
the techniques. Space usage is also improved.
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I. INTRODUCTION

XML has evolved as the dominating data format for
information exchange of structured and semi-structured data
over the Internet. It may also be used for integration of
data from disparate sources. When XML is generated from
structured databases it is regular and has a known schema,
while in other scenarios data is ad-hoc and without any
schema.

XPath [31] and XQuery [32] are languages used to query
XML data. XPath is a simple declarative language that
supports matching of structure and content. XQuery is a
more expressive iterative language, but uses XPath as a fun-
damental building block. This paper focuses on performance
on a subset of XPath called rwig pattern matching, which
covers a majority of queries used in practice [11].

An XPath query is a tree, where the relation be-
tween the query nodes specify the relation between the
data nodes in a possible match, and value predicates
specify the contents of attributes and text nodes in the
XML. The example query /lib/book[author="Kant"
and author="Gdédel"], asks for all books coauthored by
Kant and Godel. A parent-child relation is denoted by “/”,
an ancestor-descendant relation by “//”, and “[1” encloses

Truls A. Bjgrklund
Department of Computer and Information Science
Norwegian University of Science and Technology

@ystein Torbjgrnsen
Fast Search and Transfer,
a Microsoft® subsidiary
Trondheim, Norway
Email: oysteint@microsoft.com

a predicate. Figure 1 shows a document where this query
would have a match.

<lib>
<book>
<title>Kritik der Unvollstdndigkeit</title>
<author>Kant</author>
<author>Gddel</author>

</lib>

Figure 1. Example XML document.

A typical system supporting XPath parses the XML and
stores some information about each data node, usually its
name, type and value, and its relation to other nodes. This
can be stored in a table, and is usually sorted on document
and node order for faster structural joins on the nodes in
the query tree. When evaluating queries, it may be more
advantageous to access nodes either by name, value, natural
order, or other fields. Multiple secondary indexes can be
added for direct lookup on all the fields stored for a node.

To find all matches for the example query, many current
systems would read six lists of nodes from indexes, looking
up the four XML element nodes on name (lib, book,
author and author), and the two text nodes on value
("Kant" and "G&del"). These would then be joined to give
full matches, using the structural information stored about
each node. In a library with millions of books, there would
be just as many book nodes, and even more author nodes
to join.

The main contributions of this paper are: 1) A twig
join algorithm combining previous techniques in a novel
way; 2) Implementation of an experimental prototype; 3)
Experiments showing two orders of magnitude speedup over
other systems on for queries with value predicates, and
reduced space usage.

II. BACKGROUND

Indexing and querying XML has been a major research
area both in the database and information retrieval com-
munity the last ten years, resulting in many different ap-
proaches.



A. Schema Agnostic XML Indexing

An early approach to XML indexing, which is usable
with simple schema, is to translate the XML schema to
a relational schema, and put shredded XML data into an
RDBMS [28]. However, the XML schema can be complex,
subject to updates, unknown, or non-existing. This flexibility
may be considered a strength.

In schema agnostic XML indexing, all element-, attribute-
and text nodes are extracted, and stored with information
about their type, name, value and position in the tree. During
query evaluation a list of matching data nodes is read for
each query node, and these are joined into complete matches
for the query tree. To allow joining matches for individual
query nodes into tree pattern matches, the positional infor-
mation must allow decision of node relationships, such as
ancestor-descendant and parent-child. The most well known
tree position encoding is the regional BEL encoding [37],
which gives a node’s begin and end position in the document,
and its level (depth) in the tree.

Figure 2 shows an example using BEL encoding on the
data extracted for the XML document in Figure 1. The data
is usually indexed on name for XML element nodes, and
on value for text nodes. When querying, one list of nodes
is typically read for each node in the query. Retrieving
element nodes on name (tag) is called tag partitioning (or tag
streaming [6]). To evaluate the XPath query //1ib/book,
the nodes v and v (for 1ib and book) satisfying u.begin <
v.begin N\ v.end < u.end N\ u.level + 1 = v.level, in addition
to the type and name requirements, must be found.

doc | begin | end | level | type | name | value
1 1 1 Elem. | lib
1 2 12 |2 Elem. | book
1 3 5 3 Elem. | title
1 4 4 4 Text “Kritik...”
1 6 8 3 Elem. | author
1 7 7 4 Text “Kant”
1 9 11 |3 Elem. | author
1 10 10 |4 Text “Godel”
1 13 2 Elem. | article
Figure 2. Data extracted for tag partitioning.

B. Tree-aware Joins

If the node lists are sorted on doc and begin values, a
linear merge can be used when the schema and query are
simple. But in other cases, matches may be formed from the
lists out of order. Consider the document in Figure 3, and
the query //alc and d]. A linear merge of lists would
miss one of the two pairs of c and d nodes usable together.

<a>
<c/>
<a> <c/> <d/> </a>
<d/>

</a>

Figure 3. Breaking linear merge for //a[c and d].

Using a full cross join on lists of data nodes matching each
query nodes, and checking the output for legal matches, is
not feasible for large data, as it can give intermediate results
exponential in the size of the query, even when the final
answer is small.

The first specialized tree joins focused on splitting the
query tree into binary relationships and stitching the results
into complete matches. Specialized loop joins gave optimal
O(I + O) complexity for ancestor-descendant relationships
[37], where I is the size of the input lists, and O is the size of
the output. When joining an ancestor and a descendant list, a
“marker” is left in the descendant list on matching positions,
and the descendant list is “re-winded” to this position when
the ascendant list is forwarded.

Later stack-based joins gave O(I + O) complexity also
for parent-child relationships [2]. These maintained a stack
of nested ancestor candidates in a single traversal of the
two lists. Any current descendant candidate would be a
descendant of all the nodes on the stack, and possibly the
child of the top node.

As evaluating the query node relationships separately
still gave useless intermediate results of exponential size,
multi-way path and twig join algorithms were introduced
[4]. By maintaining multiple stacks, these achieved optimal
O(I 4+ O) complexity using only O(d) memory, for path
queries and twig queries using only the descendant axis.
Later algorithms, which break the O(d) memory bound,
achieve optimal complexity for all combinations of ancestor-
descendant and parent-child edges [5].

C. Skipping Tree Joins

When the lists of matches for the different query nodes
have similar size, regular tag partitioning is a fairly efficient
solution, but that is often not the case. Take for example
the query //book [author="Kant"], evaluated on a library
with millions of books. The leaf predicate probably has good
selectivity, while the other nodes do not.

Skipping can be used to improve efficiency in such cases.
Consider the query //a//d, and the problem of forwarding
in the lists for the two query nodes to the first position where
a match for a is an ancestor of a match for d. Skipping
forward in the list for d to find the first d; which can be
a descendant of the current node a; for a, is trivially done
by finding the first d; with d;.begin > a;.begin. If dy, is the
last d node with d.end < a;.end, then all d descendants of
a; (if any) are stored contiguously from d; to dy.

However, this technique cannot be used to skip in the
ancestor list, as any node with a lower begin value is a
candidate, and the actual ancestors can be spread evenly
among a large number of such candidates. Specialized data
structures can be used to skip efficiently in both ancestor
and descendant lists [33].



D. Adding Structural Summaries

A different way of avoiding many useless nodes in the
query node match lists is to do some partial matching in
a preprocessing step. In the approach called path indexing,
some of the structure of the data is extracted and put in
a path summary [10], which is a tree containing all label-
unique root-to-leaf paths seen in the data. This is used in a
query preprocessing step for partially identifying structural
matches for the query.

Figure 4 shows the structural data extracted from the
example in Figure 1. Note that each path seen in the
data (e.g. /1ib/book/author) is only added once to the
summary. The data stored for each document node is then
linked to nodes in the summary in some way. One approach
is shown in Figure 5. Summary tree nodes are given unique
integer path IDs, which are referenced by the indexed data
nodes. Here the Dewey encoding [30] is used to enumerate
data node positions.

root: 0
|
<lib:1
[ \
<book: 3 s
— |
<author:4 <title:6
| |
#text:s ftext:7

<article:2

Figure 4.  Structural summary.

The structural summary in the example contains informa-
tion about single paths only. It is possible to store more
structural information, for example about relations to other
branches in the tree, at the expense of using more space.
Note that even when a summary only gives matches for
root-to-leaf paths in the query, some holistic pruning can be
performed [34], removing matches that can never be part of
a complete match for the whole query.

Dewey | pathID | value

doc

I |1 1

1 |11 3

1 [1.12 |6

1 | L1217 “Kritik...”
1 [1.13 |4

1 |113.1]5 “Kant”

1 |[1.14 |4

1 1.14.1|5 “Godel”

1 2

1.2

Figure 5. Extracted for prefix path partitioning.

When searching using structural summaries and path
indexing, the summary is first consulted to find structural
matches for the root-to-node (prefix) paths of branching
nodes and leaves in the query. Lists of data nodes matching
the related summary nodes can the be read. This is called
prefix path partitioning (or prefix path streaming [6], as
opposed to tag streaming). It usually results in reading less

data, as the set of matching paths is often much more
selective than the node name.

E. Virtual Nodes

The Dewey encoding, which is used in Figure 5, has
an advantage over the BEL encoding when combined with
structural summaries, because it allows ancestor reconstruc-
tion. Only data node lists for branching and leaf query nodes
need to be read, because matching of non-branching internal
nodes is implied by the structural matching of the prefix
paths of the checked nodes.

This approach is taken one step further by generating
virtual nodes for the internal query nodes from the lists of
leaf node matches [36]. Given the Dewey and pathID of
a data node matching a leaf query node, the Deweys and
pathIDs of all above data nodes can be inferred. The Dewey
of an ancestor with depth d is a length d prefix of the Dewey
of any descendant of the node, and the pathID can be found
by going up to depth d in the summary tree.

Using Dewey to enumerate nodes requires non-linear
space, and shows poor performance for some degenerate
cases, but is commonly used in practice, such as in Microsoft
SQL Server [22]. Space usage can be improved by using
various compression schemes [13], and updatability can be
attained [21].

FE. Column Storage

A trend in database systems research the last decade has
been investigating how performance can be improved for
read intensive workloads. An important contribution in this
field is column store databases [29], where each column in
a table is stored separately. MonetDB/XQuery [20] is a well
known XPath/XQuery system using columnar storage.

Advantages of column stores include reading less data,
if not all columns in a table are needed for a query, better
cache behavior, if block processing is used in a column,
better compression, as you easily can use techniques such
as run length compression (RLE) [1,14]. And as tuples can
be materialized late, there can be less computational work,
especially if block processing is used [1].

Using compression can give benefits beyond the obvious
reduced space usage. Compression of inverted lists is com-
monly done in regular search engines to reduce disk I/O
[35], and using compression can reduce the memory bus
bottle-neck in database systems [23].

III. THE XLEAF SYSTEM

XLeaf is a novel combination of many previous tech-
niques for evaluating twig queries. It combines structural
summaries, prefix path partitioning, virtual node lists for in-
ternal query nodes, skipping joins, multiple access methods,
compression and column storage. As most other academic
XML search prototypes, our system supports the descendant
and child axis, and simple value predicates.



The main difference between our approach and the ma-
jority of work on twig joins, is that we use a nested loop
join, where the size of the state is linear in the size of the
query. Most approaches read input lists once (streaming),
and maintain larger intermediate results.

A. Query Evaluation

Algorithm 1 gives an overview of the process of evaluat-
ing a query in our system. First the query is matched against
the summary, as described in Section III-B. Then an access
method for candidate matches for each leaf query node is
chosen, as described in Section III-C.

For queries with a single return node, such as in XPath, it
is also often possible to avoid looping, and use a simple
linear join. Such a join is correct when the depth of a
branching node is fixed, as the query will not have out of
order matches. The simple linear join is described in Section
II-D, and the general looping join in Section III-E.

Algorithm 1 Overall query evaluation

: procedure EVALUATE(Q)
: SUMMARYMATCH(Q)
: for I, € Q.leaves

1

2

3

4 CHOOSEVIEW(l,)

5: if no matches possible

6: return

7: if Vb, € @Q.branching : b,.minDepth = b;.maxDepth
8 LINEARJOIN(Q®)

9 else

0 LOOPINGJOIN(Q)

total number can be exponential in the size of the query.
This typically happens with deeply recursive schemas.

After finding individual root-to-leaf path matches, the
query tree is traversed bottom up and then top-down to prune
away node matches which can never be part of a complete
match.

C. Data access methods

It is common in XML indexing systems to index element
nodes on name and text nodes on value. For prefix path
partitioning, nodes must also be accessible on path. In our
system we use multiple access methods for all node types,
and attempt to choose the most efficient for each query leaf
node during twig evaluation. Lists for internal nodes are
virtual (see Section III-D and III-E).

One approach for implementing multiple access methods
is storing a table with all nodes in the data, and having
multiple indexes point into this storage. But if reading
matches from such an index means following pointers into
a node table, this will give bad spatial locality. It also makes
it inefficient to use compression schemes with expensive
random lookups. To avoid this, we have used multiple
materialized views of the data table, with different sorting
orders. The views we create are shown in Figure 6, where
underlined fields give the sort order.

t_base (doc, dewey, namelD, pathID, value)
t_value (value, doc, dewey, nameID, pathID)
t_path (pathID, doc, dewey, value)

t_name (namelID, doc, dewey, pathID, value)

Note that in the following, only output, branching, leaf
query nodes need to be considered. For internal query nodes
with one child, matching is implied by the matching of the
root-to-node paths of the nearest branching and leaf node
descendants in the query tree. On the other hand, for a parent
query node with multiple children, it is essential that all of
these can use the same node for the parent in the data to
construct a legal matching.

B. Summary matching

Our summary is indexed using an inverted index over the
root-to-node paths in the summary tree, similar to what is
described in [12]. Paths in the document tree are viewed
as strings of node names, where the names are dictionary
coded and stored as integers. The first step of the summary
matching is finding the matches for the individual root-to-
leaf paths in the query. The most selective element name in
each path is looked up in the inverted index, and a list of
candidate paths is retrieved. This list is then matched against
the pattern.

For each query node, the matching path IDs are saved,
along with their respective possible candidates for the parent
branching node. This is more robust than storing all legal
combinations of matches for above query nodes, as their

Figure 6. Materialized views used

The base table is built while scanning the data, while the
other tables are sorted using a stable ternary quicksort. As
the sorting is stable, and the source is sorted on the first two
columns, the target table is in order after only sorting on the
first target column.

The mappings for nameID and pathID are stored in ta-
bles, which are read into separate in-memory data structures
for fast lookup. Note that the field nameID also indicates the
type of the node (element, attribute, text, etc..), and that for
text nodes, the name of the parent element node is stored. In
cases where there are multiple pathID matches for a leaf in
a query, the hits have to be merged when read from the table
t_path. In many cases, it is cheaper to scan the t_name
matches, and filter out non-matching nodes on pathID.

D. Simple Linear Join

Assume that as in XPath the query has one output node,
and that there is one list of data node matches for each leaf
node ¢ in the query, which can be read with READ(g) and
moved one data node forward with a call to ADVANCE(q).

The linear join shown in Algorithm 2 is used when for
each branching query node, there is a fixed tree depth for the
matching summary nodes. The correctness of using a linear



join in this case is trivial from the proofs for TwigStack [4].
There, matches for root-to-leaf paths are output from the
first step of their join algorithm sorted root-to-leaf on the
document order of the matched nodes, and fed to a linear
merge, which is the second and last step. Since the depths
of all branching nodes are fixed, the lists for the leaf node
matches will already be in the correct order, from the fact
that the data is a tree.

Algorithm 2 Simple linear join

1: procedure LINEARJOIN(Q)

2: gs := @ .selectingNode

3: while SIMPLENEXTMATCH( Q.root)
4:

5

> Assume a leaf

OUTPUT(gs)
ADVANCE(gs)

> Note non-branching, non-leaf, non-selecting nodes ignored.
6. procedure SIMPLENEXTMATCH(q)
7: if ISLEAF(q)

8: q.d := READ(q).dewey

9: return ¢.d

10: m := ¢.minDepth > Equals ¢g.maxDepth
11: & 1= MaXg,eq.children ¢c.d

12: while true

13: for ¢. € g.children

14: ALIGN(gc, z, m)

15: T := SIMPLENEXTMATCH(q.)
16: if z. = () return

17: T = max Tc,T

18: if No change since last step

19: gd:=(21,...,Zm)
20: return ¢.d

21: procedure ALIGN(q, x, m)
22: while READ(q).dewey < (z1,...,Zm)
23: if not ADVANCE(q) return

> Lexicographic

The reason no pathID ever needs to be read in Algorithm
2, is that the incoming leaf lists only contain structural
matches for the root-to-leaf paths, with above branching
node matches fixed in depth. A simple comparison of
Deweys determine a common branching node in the data.

E. Loop Join

For cases where a simple linear join cannot guarantee a
correct result, a nested loop join is used. There are two main
modifications from the simple linear join. Markers are left
in the lists, to which the list cursors are re-winded when
necessary. And for a given candidate alignment of the leaf
lists, it must be checked whether it is possible to choose
candidates for the branching query nodes which are usable
for all the leaf matches.

In previous loop join approaches [4], where there are
explicit lists for internal query nodes, child list markers are
updated when the parent’s list cursor is forwarded, but this
method cannot be used directly in our approach. First we
advance the list cursors to alignment based on the Deweys

matched down to the minimal possible depth of the above
branching nodes. This depth is the maximal among the leaf
matches minimal depths for a candidate for the branching
node (max-of-the-min) from the summary matching phase.
Then list positions are marked, before we iterate through
the possible alignments. When list number ¢ in the order
is forwarded, list 7 + 1 is re-winded to the mark, before it
is aligned based on Dewey, and the new mark is saved if
differing from the previous. To speed up the iteration, the
lists for all leaf query nodes are ordered on the expected
number of hits.

The procedure depicted in Algorithm 3 checks whether
a given alignment is a match. First, the query is traversed
bottom-up, and common candidates for the branching nodes
are chosen. Then it is traversed top-down, choosing the
uppermost common candidate for each branching node.
Finally, it is checked that the chosen branching nodes are
the same physical nodes, by comparing the Dewey’s. Note
that the top-down pass and the final bottom-up pass can be
completed in one top-down traversal, as the Dewey for an
internal node need not be materialized, but is given from the
Dewey of any leaf descendant and the chosen depth.

Even though bit-vectors are used to implement the sets of
candidates, using Algorithm 3 is expensive. For cases where
many alignments are mismatches, it is cheaper to check the
Deweys to the max-of-the-min depth first. This gives false
positives, and matches must be checked with Algorithm 3.
The max-of-the-min used here can be calculated from the
branching nodes usable for the current leaf node matches,
instead of from all branching node candidates from the
summary matching.

In cases where the output node is not a leaf value node,
but matches XML element nodes, care must be taken iterate
through all candidates, and not to chose duplicates (line 20 in
Algorithm 3). Also, to output entire data subtrees as matches,
the table t_base (see Section III-C) must be scanned or
searched during the query process to retrieve all nodes which
have the given Dewey as a prefix.

F. Skipping

Skipping is crucial for efficient merges, and is included
in Algorithm 2 by modifying the procedure ALIGN to use
underlying data structures to skip forward to the next item
matching the parameter z. Skipping is implemented in our
system by combining a “one level skip list” [35] and search.
Every k-th value is extracted from the columns on which
merges will be performed (doc and dewey), and put in
a separate column. k is chosen to be a power of two
(usually 32 in our system) to allow for arithmetics using
shifts. Note that this column can also double as check-
points in compression (see Section III-G). When forwarding
lists to values, the first few values in the smaller column
are checked, and if no match is found, a binary search



Algorithm 3 Checking leaf alignment

> Note non-branching, non-leaf, non-selecting nodes ignored.

1: procedure CHECKLEAFALIGNMENT(Q))

2: gt := @ .topBranchingNode

3 CANDIDATES(g¢) > Bottom-up
5: return false

6: CHOOSEUPPERMOST(q) > Top-down
7 if not CHECKMATCH(q) > Bottom-up
8 return false

9: procedure CANDIDATES(q)

10: if ISLEAF(q)

11: q.p := READ(q).pathID

12: return ¢.C := {q.p}

13: else

14: return ¢.C := ﬂinCHILDREN(q) PARENTCAND(g;)

15: procedure PARENTCAND(q)
16: return ﬂc’_ECANDmATESm g.parMatchCand|c;]

17: procedure CHOOSEUPPERMOST(q)
18: if ISLEAF(q)

19: return

20: ¢.p := argming;eq.c ¢;.depth

21: for ¢; € g.children

22: ¢;..C={ci | & € ¢.CA g.p € g.parMatchCand]c;|}
23: CHOOSEUPPERMOST(q;)

24: procedure CHECKMATCH(q)
25: if ISLEAF(q)

26: g.d := READ(q).dewey
27: return true

28: for ¢; € g.children

29: if not CHECKMATCH(g; )
30: return false

31: x := ¢.children[1].d
32: m := q.p.depth

33: gd:=(z1,...,2m)
34: for g; € q.children

35: if LCP(q.d, ¢;.d) < m
36: return false
37: return true

is performed there. Then a segment of the full column is
scanned linearly.

G. Storage Back-end

The first iteration of this prototype used MonetDB/SQL
[20] as a back-end for storing the data. This was changed
for our own column store back-end because the overhead
of using the communication interface to the server back-end
was significant, and because of the lack of compression in
the open source version of MonetDB.

Our minimalistic implementation uses memory mapped
files to write to and read from disk, and uses compression
to reduce the space usage. A column adapter chooses which
compression method to use based on statistics from the data.
Different compression schemes are favorable depending on

whether the columns are self-ordered, and whether they have
few or many distinct values.

Supported storage methods for integer types are raw, bit
packing, run length encoding (RLE), delta encoding and
dictionary encoding. The last two are more expensive, and
are used only in the maximum compression variant in the
experiments (see Section I'V). Typically RLE or delta coding
is chosen for (partially) sorted columns, and bit packing
or dictionary encoding for unsorted columns. The delta
encoding is done using VByte [27], with checkpoints for
faster random access. The dictionary encoded column sorts
values on frequency, and uses VByte to store the coded
values. Many column types are stored as multiple physical
columns. For example is an RLE column stored as separate
“values” and “cumulative count” columns.

Strings are stored raw, or using a dictionary. For the raw
strings, a column of pointers is used for random access.
Dictionaries are shared between the different materialized
views. For logical columns consisting of several physical
columns, these are compressed recursively if this is consid-
ered favorable.

In the current prototype, no explicit indexing is done, and
a simple binary search is used. In the following experiments,
all queries are run warm to simplify the experimental setup.
Then the poor spatial locality of the binary search is not
so much an issue, but for later experiments, running large
batches of queries over more data, indexing should be
considered.

However, some of the column types have specialized
search implementations. For RLE, the “values” column is
searched, and the “cumulative count” column is used to
translate to row numbers. For the delta encoding, a search in
the checkpoints is done first, before decoding the final block
of coded values. For the dictionary encoding, the dictionary
is searched first, before searching for the coded value in the
data column.

A note should be given on the encoding of Deweys. A
variable number of bytes are used per element in the Dewey,
and the first bits in an element number give the number of
bytes in the element. This allows comparing two Deweys
with a simple string comparison to find which is smaller.
This is useful when merging lists of nodes. To check if two
Deweys match to a given depth in the document tree, the
codes must be parsed when compared.

IV. EXPERIMENTAL RESULTS

This section presents results for query performance eval-
uation of various XPath implementations. Experiments were
performed on an AMD Athlon 64 Processor 3500+ at 2.2
GHz, with 4GB main memory, running Linux 2.6.28.

The open source MonetDB/XQuery (MoXQ) [3] and an
anonymous commercial system (SysA) were tested. They
were included because they feature some, but not all, of the
techniques from Section III-A. SysA uses path indexing and



multiple access methods, but reads lists for internal query
nodes. MoXQ uses tag partitioning with no skipping, and
has a column store back-end. The release from August 2008
was used. We have also tested the systems Berkeley DB
XML, X-Hive and eXist, but the results are omitted, as these
systems had poorer performance than MoXQ and SysA, and
the results did not yield further insights.

For our own prototype we have included performance
results for the compression schemes none (XLeaf,one),
lightweight (XLeafj;gy,;) and maximum (XLeaf,,,,). The
latter includes delta and dictionary encoding for integer
types.

It should be noted that a comparison of a minimalistic
prototype with full fledged systems with features like trans-
action management is not fair. Ideally algorithms should
be compared implemented in the same framework, but this
was not done in these preliminary experiments, due to time
constraints.

Some queries have been rewritten to counting queries
to avoid measuring the overhead of printing answers, and
because outputting hundreds of thousands of results is not
a probable user scenario. All queries were given 2 warm-up
runs, and were executed 10 times.

A. Indexing Performance and Space Usage

Figure 7 shows the indexing performance of the tested
methods on the DBLP corpus [17], and the artificial bench-
mark XMark [26]. The table shows megabytes indexed per
second, and the size of the index divided by the size of the
original unparsed data.

MoXQ SysA XLeafnone XLeafljght
DBLP (440 MB)

XLeaf\,ax

MB/s 1.92 0.27 0.43 0.45 0.30
Space 2.6 14.1 5.0 1.84 1.59
XMark (1118 MB)
MB/s 8.8 0.45 1.39 1.41 1.06
Space 1.78 10.8 4.2 1.32 1.20
Figure 7. Indexing performance

MoXQ has the fastest indexing, and is fairly space effi-
cient. The increased space requirements for adding the addi-
tional access methods in SysA may make it unusable in some
scenarios. The space usage for our uncompressed variant
(XLeaf,one) may also be too high, but the two compressed
variants are very space efficient, and use less space than
MoXQ, even though they feature multiple access methods
like SysA, and uses the Dewey encoding, which has more
redundancy than the BEL encoding used in MoXQ. Note
that building the lightweight compressed index XLeafiight,
is faster than building the uncompressed index, while the
heavily compressed variant is much slower, but only reduces
storage requirements by 10 — 15%.

B. DBLP Queries

Figure 8 shows some queries on DBLP taken from [25],
and table 9 gives the running times.

#  Query Hits

Pl //inproceedings[author="Jim Gray"] 6
[year="1990"]/QRkey
P2 //wwwleditor]/url/text () 5
P3 //book/author[text ()="C. J. Date"]/text () 13
P4 //inproceedings 2
[title/text ()="Semantic Analysis Patterns."]
/author/text ()
Figure 8. DBLP queries.

P1 P2 P3 P4

MoXQ 1815 131 257 1151
SysA 972 2.5 0.53 72
XLeafnone 0.126  0.064 0.039 0.058

XLeafjjgne  0.130  0.064 0.044  0.058

XLeafmax 042 0.123  0.044  0.067

Figure 9. Query performance. Run-time in milliseconds.

The results for MoXQ are worse than one might expect,
especially on P1 and P4. This is because the data has a very
flat and repetitive structure, with many node matches for
//inproceedings. SysA has better performance, due to
the use of path indexing. But it is still slow on P1, probably
because merging the three branches is expensive. In P2, the
total number of matches for //www is low.

Our implementations perform very well in this experi-
ment, because only data for leaf nodes are read, and skipping
is applied in the join. The differences between XLeaf}one
and XLeafy;z,; are almost negligible. We expected the
lightweight compression to give better performance due to
lower data bandwidth requirements. One reason this is not
the case may be that queries are run hot, which reduces the
bandwidth bottleneck due to caching effects, in combination
with slightly more expensive computation for XLeafiigps.
XLeafy,ax has worse performance, due to even more compu-
tation, and perhaps worse memory access patterns, because
of dictionary compression for integer types.

C. XPathMark A Queries

Queries A1-A6 on the XMark data are from XPath-
Mark [8,9], an XPath equivalent of the XQuery benchmark
XMark. XMark is artificially generated, and has properties
rather different from DBLP, which has a flat and repetitive
structure. XMark is a deeper tree, following a recursive
schema.

MoXQ and SysA seem to have about equal performance,
with the former in the lead. In these tests, the former
performs relatively much better than on DBLP, because
value predicates are not used, and the data tree is differently
shaped. The number of matches for nodes near the root of
the query are usually low, and the query leaf matches make
up the majority. This gives a much cheaper join relative to
the total number of matches.

Note the performance of MoXQ and XLeafj;gn: (or SysA)
on queries Al and A2, which highlights a key difference of
the two systems. MoXQ is twice as fast on A2 as on Al,
even though it has three times as many hits. On Al it must



# Query Hits
Al count (/site/closed_auctions/closed_auction/annotation/description/text/keyword) 40726
A2 count (//closed_auction//keyword) 124843
A3  count (/site/closed_auctions/closed_auction//keyword) 124843
A4  count (/site/closed_auctions/closed_auction[annotation/description/text/keyword]/date) 26570
A5 count (/site/closed_auctions/closed_auction[descendant: :keyword]/date) 53342
A6 count (/site/people/person[profile/gender and profile/age]/name) 32242
Vi1 . keyword[text () =" preventions "] ... 55
V2 . keyword[text () =" preventions "] ... 145
V3 .. keyword[text ()=" preventions "] ... 145
V4 .. keyword[text ()=" preventions "] ...date[text ()="06/27/1998"] ... 11
V5 . keyword[text () =" tempests "] ...date[text ()="04/18/1999"] ... 12
V6 .gender[text ()="male"] ... age[text ()="18"] ... name[text ()="Mehrdad Takano"] ... 19

Figure 10. XMark queries from XPathMark. Queries V1-V6 are equal to queries A1-A6 with added value predicates.

Al A2 A3 A4 AS A6 \"1 V2 V3 V4 V5 V6

MoXQ 214 85 110 263 156 348 272 249 262 323 294 456

SysA 39 352 348 178 2128 446 11.8 398 371 30 46 97

XLeafnone 9.1 72 73 56 153 181 0.160 0.27 0.29 032 0.144 43

XLeafijgne 8.5 94 94 57 180 196 024 038 0.28 058 020 46

XLeafinax 9.6 93 94 166 190 708 021 032 034 36 0.70 24
Figure 11. Query performance. Run-time in milliseconds.

merge matches for seven internal nodes, but on A2 only two
of these are involved. XLeafjigp¢, on the other hand, looks
up the first query on pathID, and all nodes are matches. The
second query is looked up on namelD and filtered on pathiD,
as there are multiple matches for the latter. Note that the
performance on A3 is the same as on A2, as the executions
are identical on our system. The fact that MoXQ is almost
as fast as XLeaf,,ne On A2, even though it reads more data
and does more work, indicates a better implementation.

XLeafiigy is faster on A4 than A3, even though the former
is branching. The reason is that the leaves can be looked up
directly on pathID. Hits are found efficiently using skipping.
AS is three times as slow, even though there are only two
times as many hits. This is because the predicate leaf on
keyword has more matches. A6 is also much slower than
A4, even though the number of hits is similar, again because
the individual query leaves have more matches.

Comparing SysA and XLeafj;,, on queries A2 and A3
may show the benefit of using a column store back-end.
SysA also looks up nodes on path in these queries, but is
more than three times slower. Note that for the branching
queries A4-A6, its disadvantage of reading matches for
branching nodes does not show as much as on the DBLP
queries, as the data is deeper and more “tree shaped”, with
more matches for the query leaves than for the branching
nodes.

D. XPathMark A Queries, with Value Predicates

Queries V1-V6 are the same as A1-A6, but with added
value predicates. These were chosen to give as many hits as
possible.

MoXQ is slightly slower with value predicates, probably
because of the extra text nodes to be read and merged.
SysA is also slower on the first three queries, but faster
on the last three, because looking up the leaves on value is
much more selective. There are however still many matches

for the branching node, giving an unnecessarily expensive
join. A comparison of SysA and XLeafjign, both using path
indexing, shows the benefits of our systems features. Our
implementation avoids handling the large number of matches
for the internal query nodes, and is 20-200 times faster.

Query V6 is more expensive than the others for
XLeafj;gpt, because the result for one of the leaves is large,
and the merge is more expensive, even when skipping is
used and the simple linear merge is allowed.

E. Queries with Decreasing Path Specification

Queries S1-S4 in Table 13 gives some queries on DBLP
with decreasingly specified paths, using an increasing num-
ber of wild-cards.

This test shows that our systems are more robust for
partially specified paths. With MoXQ and SysA, the query
cost increases greatly from query S2 to S3, because a larger
number of nodes become candidates for the branching node.
Query S4 is a degenerate query which probably never would
be seen in a real system, but it can be argued that S3 is not
unrealistic. Our implementation is very fast on all queries.
One leaf is looked up on value consistently, while the other
on pathID for S1 and S2, and namelD for S3 and S4, which
is the reason the last two queries are slower.

F. DBLP Queries with Increasing Branching Complexity

Queries BO-B5 in Table 13 show performance results on
queries with increasing branching complexity.

Comparing BO and B1, the main cost of MoXQ seems
to be merging with the lists for /dblp/*, which is large.
Additional branches give no significant extra cost. Note
that this node is critical for the semantics of queries B2-
B5. The poor results for SysA on B2-B5 are due to a
“performance bug”. The system sometimes chooses to use
nested loop lookups, even though other approaches would
be more efficient.



# Query Hits
SI  /dblp/inproceedings[@key="conf/3dica/RohalyH00"] /booktitle/text () 1
S2 //inproceedings[@key="conf/3dica/RohalyH00"] /booktitle/text () 1
S3  //x[@key="conf/3dica/RohalyH00"] /booktitle/text () 1
S4 //x[@x="conf/3dica/RohalyH00"] /booktitle/text () 1

B0 /dblp//author[text ()="Michael Stonebraker"]/text () 215

Bl /dblp/=*/author[text ()="Michael Stonebraker"]/text () 215

B2 /dblp/*[author/text ()="Michael Stonebraker"]/title/text () 215

B3 /dblp/=*[author/text ()="Michael Stonebraker"] [author/text ()="Hector Garcia-Molina"]/title/text () 4

B4 /dblp/*[author="Michael Stonebraker"] [author="Hector Garcia-Molina"] 1
[@key="journals/corr/cs-DB-0310006"]/title/text ()

B5 /dblp/*[author="Michael Stonebraker"] [author="Hector Garcia-Molina"] 1

[@key="7journals/corr/cs-DB-0310006"] [year/ > 1950]/title/text ()

Figure 12. Queries with decreasing path specification, and queries with increasing branching complexity, on DBLP.
S1 S2 S3 S4 BO Bl B2 B3 B4 B5
MoXQ 1549 1387 4553 4694 1464 2609 2704 2940 2948 3029
SysA 160 289 21911 21932 1450 1247 146273 146353 149293 19127

XLeaf,one 0.054 0.054 059 093  0.084 0.085 0.63 0.25 0.159 0.20
XLeafjjgne  0.055 0.054  0.50 096 0.086 0.088 1.00 0.26 0.156  0.192

XLeafhax  0.060 0.062  0.51 098 0.114 0.104 2.2 0.78 0.21 0.27

Figure 13.

Our implementation is also affected by the added branches
in the queries, with some interesting effects. B3 is faster than
B2, because the join algorithm takes advantage of the two
author lists being more selective. The common result is
smaller, and more can be skipped when joining with the
title. A similar argument holds for B4 vs B3, but for BS,
the added predicate on year has low selectivity, and only
adds to the cost.

V. RELATED WORK

Loop joins have been used previously in MPMGIN [37]
for pairs of nodes, and in PathMPMJ [4] for path queries,
while in our system loop joins are used for full twigs, and
with with no physical lists of matches for internal nodes.

Most twig join algorithms are non-looping, and read the
input lists once. The original TwigStack [4] maintains one
stack of nested matches for each query node, and output
individual root-to-leaf path matches, which are merged in
a second phase. More complex intermediate result manage-
ment are used by the later single phase join algorithms, such
as Twigzstack [5], HolisticTwigStack [16], TwigList [24]
and TwigFast [18].

Structural summaries [10] are a prerequisite for prefix
path partitioning, which is used previously in iTwigJoin [6].
A difference between iTwigJoin and our approach is that
iTwigJoin uses materialized lists for all query nodes, and
uses a specialized join to combine pairs of lists for directly
related query nodes.

Generating matches for internal query nodes on the fly
is done in the Virtual Cursors [36] algorithm and in TJFast
[19], which use tag partitioning. A disadvantage of TJFast is
that instead of using a structural summary, the name path and
Dewey are stored compressed in the leaf lists. This makes
reads unnecessarily expensive and increases space usage.
A disadvantage of Virtual Cursors is that non-branching

Query performance, with run-time in milliseconds.

internal nodes are not ignored during evaluation, because
generated internal nodes are not guaranteed to have matching
prefix paths. This also causes useless node candidates for
branching internal nodes. A shortcoming of both previous
approaches, and also ours, is that much work is repeated
during construction of internal nodes.

Skipping joins has been used previously with tag parti-
tioning in for example TSGeneric+ [15] and TwigOptimal
[71. When physical lists are used for the internal query
nodes, skipping in a list to catch up with a descendant is
not trivial, and specialized data structures like XR-trees [33]
must be used. An advantage with virtual node lists is that
skipping for internal nodes can be implicit. This is used
previously Virtual Cursors [36], where B-trees were used to
skip through leaf node matches.

Multiple access methods for query node matches, imple-
mented through materialized views, is used for XML search
in Microsoft SQL Server [22]. Their system uses prefix
path partitioning similar to ours, but reads data node lists
for internal query nodes, and uses row oriented storage.
MonetDB/XQuery [3] has columnar storage, but it uses tag
partitioning, and does not feature compression.

VI. CONCLUSION AND FUTURE WORK

This paper has investigated how to combine various
techniques for twig matching. A prototype was developed
to investigate possible benefits. When compared with two
existing systems, which use only some of these techniques,
a speedup of two orders of magnitude was shown for queries
with value predicates.

Future work includes modifying the experimental proto-
type to allow switching features on and off individually,
to investigate both their individual and combined benefit
thoroughly. This may give more insight than comparing with



other full systems. More features, like optimal twig join
algorithms, should also be added to our system.
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