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Abstract. In this paper we present a novel approach for estimating the selectiv-
ity of XML twig queries. Such a technique is useful for answering approximate
queries as well as for determining an optimal query plan for complex queries
based on said estimates. Our approach relies on a summary structure that con-
tains the occurrence statistics of small twigs. We rely on a novel probabilistic
approach for decomposing larger twig queries into smaller ones. We then show
how it can be used to estimate the selectivity of the larger query in conjunction
with the summary information. We present and evaluate different strategies for
decomposition and compare this work against a state-of-the-art selectivity esti-
mation approach on synthetic and real datasets. The experimental results show
that our proposed approach is very effective in estimating the selectivity of XML
twig queries.

1 Introduction

XML is gaining acceptance as a standard for data representation and exchange over the
World Wide Web. However, for wide-spread deployment and use it is becoming increas-
ingly clear that the design of an efficient high-level querying mechanism is necessary.
Since XML documents may be represented as a rooted and labeled tree, this necessity
has led to the development of tree-based (twig) querying mechanisms. Twig queries
describe a complex traversal of the document graph and retrieve document elements
through an intertwined (i.e., joint) evaluation of multiple path expressions.

Given the importance of twig queries as a basic selection mechanism in XML [1–3],
efficient support for accurately estimating their selectivity is crucial for the optimization
of complex queries. This is analogous to selectivity estimation in relational databases
[4–7]. Accurate selectivity estimation is also desirable in interactive settings and for
approximate queries. For instance, an end-user can interactively refine their query if
they know it will return an overwhelmingly large result set. Similarly, the estimated
value can be returned as an approximate answer to aggregate queries using the COUNT
primitive.

The early work in this area has focused on determining the selectivity of path ex-
pressions (a special case of twig queries) [8–13]. The Lore system [8] adopts a Markov
model-based approach for this purpose. The Markov table method [10] improves on
the Lore system through the use of intelligent pruning and aggregation to reduce space
requirements. Recently, Lim and Wang proposed XPathLearner [9], an on-line, tunable
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Markov table method which has been shown to be effective for path expression selec-
tivity. A key limitation of these methods is that they do not adapt well to twig queries
because they do not account for path correlations.

More recently, researchers have focused on selectivity estimation for twig queries
[14, 3, 15, 2, 1]. Examples include Correlated Sub-Trees [3], XSketches [15, 1] and Tree-
Sketches [2]. Among these it has been shown that TreeSketches is the most accurate
and efficient method [2]. TreeSketches [2], a successor of XSketches, clusters the sim-
ilar fragments of XML data together to generate its synopsis. The granularity of the
clustering depends on the memory budget.

To estimate the selectivity of XML twig queries, the above approaches, as well as
the approach presented in this paper, define a summary data structure that houses im-
portant statistics about the data from which the selectivity may be estimated. Important
issues at hand include: the quality of estimation from the given summary; the time to
construct the summary; and finally, the time to estimate the selectivity of queries from
the summary. To address these issues we present a new approach to selectivity estima-
tion. The key contributions of our approach are highlighted below.

First, we present a framework under which the selectivity of a query (represented
as a rooted tree) can be estimated from its subtrees. We present and evaluate different
strategies for decomposing the query into subtrees. These subtrees can then be used
to arrive at a selectivity estimate. We present a theoretical basis for this approach and
furthermore show that it subsumes the Markov model-based XML path selectivity esti-
mation as a special case.

Second, to summarize an XML dataset we leverage the use of frequent tree mining.
A dynamically-determined subset1 of all the discovered subtrees up to a certain size
(number of nodes), coupled with associated occurrence statistics, forms the basis of
our summary structure. More specifically, the dynamic subset we store is based on the
notion of (non)-derivable patterns. We also rely on fast searching mechanisms to locate
the subtrees of a given twig query within our summary structure.

Third, we conducted an extensive experimental study to examine the benefits of
our approach and compare it against TreeSketches2. Empirical results show that our
approach takes less time to construct the summary, and is usually much faster when
computing the selectivity estimates. In our qualitative assessment we also find that our
approach compares favorably with TreeSketches. We also offer a detailed explanation
as to why the new approach (called TreeLattice) outperforms TreeSketches [2] under
certain conditions.

The rest of the paper is organized as follows. We formally define our problem and
give an overview of TreeLattice in Section 2. In Section 3, we detail our proposed sum-
mary structure and twig decomposition-based XML twig selectivity estimation frame-
work. We present experimental results in Section 4 and related work in Section 5. Fi-
nally we discuss the future work and conclude in Section 6.

1 Due to storage costs, the complete lattice (all frequent patterns) cannot be held in memory,
thus we only store a portion of it, which is dynamic and data dependent.

2 We are grateful to Neoklis Polyzotis for providing us with the TreeSketches executable and
also for helping us tune the algorithm for a fair comparison.



3

2 Problem Definition and TreeLattice Overview

In the following section, we formally define the problem of estimating XML twig se-
lectivity (Subsection 2.1). We follow with a discussion of the basic ideas and key chal-
lenges in our new approach, TreeLattice (Subsection 2.2).

2.1 Problem Definition

An XML document can be structurally modeled as a tree where each node is typically
associated with a tag or a value. In practice, values are almost always associated with
leaf nodes and tags with interior nodes. As with prior work by Polyzotis and Garofalakis
[16], we do not model value elements.

A twig query TQ is defined as a node-labeled tree TQ(VQ, EQ), where each node
ti ∈ VQ is labeled with a path expression Pi. At an abstract level, each node ti corre-
sponds to a subset of elements, while the path Pi describes the structural relationship
that must be satisfied between the elements in ti and the elements in its parent node.
In particular, we only consider the parent/child relationship between different elements.
Research on the more general ancestor/descendant relationship is underway. We next
present the definition of a twig match as given by Chen et al. [3].

Definition 1. A match of a twig query TQ = (VQ, EQ) in a node-labeled data tree
T = (VT , ET ) is defined by a 1 − 1 mapping: f : VQ 7→ VT such that if f(u) = v
for u ∈ VQ and v ∈ VT , then (i) Label(u) = Label(v) and (ii) if (u, u′) ∈ EQ, then
(f(u), f(u′)) ∈ ET .

The selectivity σ(TQ) of twig query TQ is defined as the number of matches of TQ

in the data tree. Our objective is to accurately estimate the selectivity of an XML twig
query TQ as efficiently as possible given constraints in space (summary storage) and
time (summary construction and estimation time).

2.2 Basic Ideas and Key Challenges of TreeLattice

The first basic idea in TreeLattice comes from the observation that in many cases, the
selectivity of a given twig query σ(TQ) can be reasonably estimated from the selectiv-
ity information of its sub-twig queries. For example, suppose twig TQ is the union of
two sub-twigs T1 and T2, which differ by only one edge and share a common part T
(Figure 1a). We can expect σ(T1), σ(T2) and σ(T ) to provide good clues for estimating
σ(TQ) in many real datasets. Furthermore, if the twig TQ is the union of a set of sub-
twigs, the selectivity of all these sub-twigs can be used to estimate σ(TQ). Therefore,
the first problem we face is can we develop a reasonable selectivity estimate for a given
twig query TQ by utilizing the selectivity of its sub-twigs? This problem is answered in
Subsection 3.1, where we construct such an estimator based on the conditional inde-
pendence assumption for growing a tree. Note that in order to systematically estimate
the selectivity of twig queries with this approach, we need to pre-compute a group of
small twigs as the basis.

However, we can also expect that our assumption will likely be violated for some
twig queries on a given XML dataset. To deal with this issue, we use another basic idea
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from the observation that the selectivity information of different twigs can be of differ-
ing importance in terms of capturing the underlying twig distribution. For example, if
the selectivity of T1, T2, and T are available and TQ can be precisely estimated from
them, then the selectivity of TQ should not be pre-computed. Here, we face another key
challenge in TreeLattice: how can we select a group of twigs as the basis for selectiv-
ity estimation in order to minimize the estimation error? In particular, such selection
needs to be performed under the budget of user-defined memory cost. Another problem
closely related to this challenge is how can we decompose a large twig query into basic
twigs and perform estimations if different decompositions exist? The solution to the lat-
ter actually helps us determine a solution for the former. In Subsection 3.2, we discuss
the decomposition problem and in Subsection 3.3, we introduce our method to select
basis for selectivity estimation.

Given the above discussion, we can see that our TreeLattice has three basic compo-
nents: Basis Building, Twig Decomposition, Augmenting Estimation. The basis building
is off-line and the other two components are computed at runtime while processing a
query. When a new query arrives, we first decompose it into the small twigs in the basis
and use the pre-computed selectivity of these basic twigs to infer the selectivity of the
complex (larger) one.

3 An Estimation Framework based on Twig Decomposition

In this section, we will answer the three questions posed in the previous section. The
twig decomposition-based selectivity estimation framework will be formulated during
the course of this discussion.

3.1 Augmenting Twigs

Fig. 1. (a) Augmented twigs T1 ∪ T2; (b) Growing T1 from T

Suppose we have two basic twigs T1 and T2, and they differ by only one edge
(Figure 1(a)). If T is common to both, then we can express T1 as T ∪ {e1} and T2 as
T ∪ {e2}, where e1 and e2 are two distinct edges. The edges are distinct in that they
either attach to different nodes of T , or the two additional nodes x and y introduced by
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these two edges are different. The two twigs can be augmented together to generate a
larger twig, denoted as T1 ∪ T2 = T ∪ {e1}∪ {e2}. Assuming the counts of T1, T2 and
their common part T are available and denoted as σ(T1), σ(T2) and σ(T ), respectively,
we are interested in estimating the count of the augmented twig, T1 ∪ T2, based on this
information.

A complication arises when the occurrence of T is coupled with one or more in-
stances of edge e1, as shown in Figure 1(b). Let T i

1 denote the occurrence of T with i
edges of type e1. Then it is easy to see that the selectivity of T1 is given by the decom-
position formula3:

σ(T1) = σ(T 1
1 ) + 2 × σ(T 2

1 ) + · · ·n × σ(T n
1 )

and similarly the selectivity of T2 is given by:

σ(T2) = σ(T 1
2 ) + 2 × σ(T 2

2 ) + · · ·m × σ(T m
2 )

In order to derive our formula for estimating the augmented twig T1∪T2, we assume
that the event of growing T1 from T is conditionally independent from the event of
growing T2 from T (called the tree-growing independence assumption). More formally
we have:

Pr(T i
1 ∪ T j

2 |T ) = Pr(T i
1|T ) × Pr(T j

2 |T )

where:
Pr(T i

1 |T ) = σ(T i
1)/σ(T )

and:
Pr(T i

2 |T ) = σ(T i
2)/σ(T )

Theorem 1. Given two non-trivial rooted and labeled twigs T1 and T2, which differ by
only one edge, let T be the common part between T1 and T2. Under the tree-growing in-
dependence assumption, the expected count of T1∪T2 is given by σ(T1)×σ(T2)/σ(T ).

Proof: Given the tree-growing independence assumption, we can treat the count of
T1 ∪ T2 as a random variable. The expected value of this random variable, E(σ(T1 ∪
T2)), is as follows:

(From the decomposition formula)

E(σ(T1 ∪ T2)) =

n∑

i=1

m∑

j=1

E(σ(T i
1 ∪ T j

2 ))

=

n∑

i=1

m∑

j=1

(i × j × Pr(T i
1 ∪ T j

2 |T )× σ(T ))

(By the conditional independence assumption)

3 The coefficients in front of each term represents the number of choices one has to grow from T

to T1. n is the maximal number of e1 edges under T . Similarly, m is the maximal number
of e2 edges under T .
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=
n∑

i=1

m∑

j=1

i × j × Pr(T i
1 |T ) × Pr(T j

2
|T ) × σ(T )

= σ(T ) ×

n∑

i=1

i × Pr(T i
1 |T ) × (

m∑

j=1

j × Pr(T j
2 |T ))

= σ(T ) ×

n∑

i=1

i × Pr(T i
1|T ) × (

m∑

j=1

j ×
σ(T j

2 )

σ(T )
)

= σ(T ) ×

n∑

i=1

i × Pr(T i
1 |T ) ×

1

σ(T )
× (

m∑

j=1

j × σ(T j
2 ))

(The decomposition of count of T2, σ(T2))

= σ(T ) ×

n∑

i=1

i × Pr(T i
1|T ) ×

σ(T2)

σ(T )

(The decomposition of count of T1, σ(T1))

= σ(T ) ×
σ(T1)

σ(T )
×

σ(T2)

σ(T )

= σ(T1) × σ(T2)/σ(T )

�

In our approach, we will use the expected count of T1 ∪ T2 as the estimate of the true
count of T1 ∪ T2, denoted as σ̂(T1 ∪ T2) = σ(T1) × σ(T2)/σ(T ).

An important lemma that follows from this theorem is stated next and its proof can
be found in the full version of this paper [17].

Lemma 1. Given two subtrees T1 and T2 that share a common subtree T , where

|T | = min(|T1|, |T2|) − 1

then σ(T1 ∪ T2) can be estimated as follows:

σ(T1 ∪ T2) =
σ(T1) × σ(T2)

σ(T )

3.2 Twig Decomposition

In this section, we discuss how to decompose a large twig query into basic twigs and
also how to estimate its selectivity.

Recursive Decomposition Scheme This decomposition is obtained directly from Lemma 1.
Since each tree has at least two leaf nodes(if the root node has degree 1, it can also be
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considered a leaf node for our purposes), we can always obtain two subtrees of the orig-
inal tree by removing one leaf node or the other. These subtrees are labeled T1 and T2,
respectively. If the size of T is k, then the size of T1 and T2 will be (k−1). Suppose the
common part between T1 and T2 is T3, then we can apply the above formula to estimate
the selectivity of T , given the selectivity of T1, T2 and T3.
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Fig. 2. (a) Recursive decomposition scheme; (b) Fixed-sized decomposition scheme

This decomposition scheme ensures that the overlap between T1 and T2 is maximal
and thus ensures that the correlation of occurrence is well captured. If T1 and T2 are
too large to fit in the lattice summary, then we execute the above decomposition process
recursively, until we reach the brim of the lattice summary. We present an example of
this recursive decomposition in Figure 2a. Here a twig of size 7 is decomposed into a
set of sub-twigs of size 4. The bold nodes are chosen to be eliminated at each step in
the recursion. Figure 3 presents the formal algorithm of the estimator.
Voting Scheme Extension: We note that a twig may have more than two leaves. In
this case the choice of leaf nodes for decomposition may result in different estimates.
Correspondingly, we can have multiple estimations at each recursive step. As an opti-
mization, we record all the estimations at a given level and average them to obtain a
resulting estimate to be used in the next step. Intuitively, we expect to avoid skewed
estimates resulting from poor initial choices and that this optimization will prevent the
propagation of errors during the course of the decomposition. Different voting schemes
can be applied here. We will demonstrate the effect of this optimization in Section 4.
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Algorithm: Estimate (T , L)
Input: T , an XML twig;

L, the lattice summary;
Output: σ̂, selectivity estimation for T ;
1. if T is in L

return the associated count;
2. else

pick a pair of T ’s nodes(v1 , v2) having degree of 1;
remove v1 from T to get T1,
remove v2 from T to get T2;
evaluate T3 = T1 ∩ T2;
σ̂ = Estimate(T1,L)∗Estimate(T2,L)

Estimate(T3,L)

Fig. 3. Algorithm for recursive decomposition estimator

Fast Fixed-sized Decomposition Scheme Assuming we can keep the information of
all subtrees no larger than k in the lattice summary, we can decompose a large query
T in the following way: We use small fixed-sized subtrees to progressively cover T .
First, we sort all nodes in the twig in pre-order fashion. Then we choose a k-subtree
of T to cover the first k nodes. Let the covered portion of T be denoted as Tc. At each
following step we cover a new node v using Tnew, where all the nodes of Tnew is a
subset of Tc except v. Correspondingly, we update Tc as the union of the previous Tc

and Tnew. Thus, Tc will progressively grow until it covers all the nodes in T . Also, it
holds that the part common between Tc and Tnew is a (k−1)-subtree. Clearly, T can be
covered by exactly (size(T )− k + 1) k-subtrees. The correlation between two subtree
patterns is captured by their common part. In Figure 2b, we present an example of this
decomposition. Newly covered nodes are highlighted at each step. Figure 4 presents the
formal algorithm of the fixed-sized decomposition scheme.

The correctness of the above algorithm is formally stated as Lemma 2. Furthermore,
Lemma 3 describes the corresponding selectivity estimator using such a decomposition
scheme. Again, the detailed proofs of Lemma 2 and 3 can be found in the full version
of this paper.

Lemma 2. Given a rooted ordered labeled tree T of size n, it can be covered by n −
k + 1 of its subtrees of size k (n > k), i.e., T1, T2, . . . , Ti, . . . , Tn−k+1, such that
Ti ∩ (

⋃i−1

j=1
Tj) is a (k − 1)-subtree.

Lemma 3. Assume we have a twig query T decomposed into k-subtrees, i.e., T1, T2,
. . . , Ti, . . . , Tn−k+1, and, Ci−1 = Ti ∩ (

⋃i−1

j=1
Tj), 2 < i ≤ n − k + 1. Then the

selectivity of T may be estimated as follows:

σ̂(T ) =

∏n−k+1

i=1
σ(Ti)∏n−k

j=1
σ(Cj)

The advantage of this scheme is that it is very simple and the decomposition is very
fast. In reality however, the lattice summary does not necessarily store all patterns up
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Algorithm: FSD(T , k)
Input: T , an XML twig of size n; k, a fixed size;
Output: D, a set of k-subtrees satisfying the condition

in Theorem 2;
1. Order all nodes of T according to pre-order:

i.e., v1, v2, v3, . . . , vn;
2. Choose the subtree t1 consisting of the first k nodes

from the node list and label them as covered;
//t1 must be a valid subtree;
Initialize Tc by t1, add t1 to D;

3. for each remaining uncovered node vi:
4. pick a subtree ti containing vi as the

rightmost node, all other nodes are from Tc;
5. add vi to Tc, label vi as covered

and add ti to D;
6. return D;

Fig. 4. Fixed-sized decomposition algorithm

to some size. Thus, the above decomposition can not be applied directly. To overcome
this problem, we devise a hybrid version of this scheme and the recursive decompo-
sition scheme with voting. The hybrid scheme works as follows: For a large twig, we
first decompose it into fixed-sized sub-twigs and then use the recursive decomposition
scheme with voting to estimate the selectivity of all of these sub-twigs. Finally, we use
Lemma 3 to obtain the estimation for the original query. The advantage of this scheme
is that it is much faster than the recursive decomposition scheme with voting. Addition-
ally, it utilizes the summary information more effectively through voting, compared to
the recursive decomposition scheme without voting. We call this hybrid version the fast
fixed-sized decomposition scheme and refer it as fast decomposition in Section 4.

3.3 Building Basis Statistics

The summary records the occurrence statistics of basic twigs. There exists redundancy
in the summary that can be pruned to reduce its size. With this in mind, we formally
define the notion of a δ-derivable pattern.

Definition 2. A twig pattern is δ-derivable if and only if its true selectivity is within an
error tolerance of δ to its expected selectivity (according to TreeLattice).

By Definition 2, 0-derivable (δ-derivable with δ = 0) patterns have the exact true
selectivity as their expected selectivity. It is therefore safe to prune away the 0-derivable
patterns from the lattice summary without sacrificing the quality of the estimations.
This observation is formally stated as Lemma 4. As a result, we have more space to
store more non-derivable patterns in the lattice summary.

Lemma 4. The estimation given by TreeLattice with a lattice summary L is exactly the
same as that when 0-derivable patterns are removed from L.
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Proof: The proof is trivial and is omitted.
�

The above idea can be generalized by varying δ, thereby controlling the trade-off
between accuracy and memory utilization. We build the basis statistics in a bottom-
up fashion. We collect the selectivity information of small twigs first, followed by the
larger twigs. Essentially, we give more priority to smaller twigs, since they are more
basic building blocks. Furthermore, at each level, we give priority to the more frequent
twigs, as they are more important in capturing the overall twig distribution. Note that
we only keep the information of non-derivable patterns in the lattice summary. Figure 5
presents the formal algorithm of building the basis statistics.

Algorithm: TreeLattice-Build (D, S, δ)
Input: XML document D; space budget S; error tolerance δ;
Output: TreeLattice summary L of size ≤ S;
1. Obtain all 1-subtree and 2-subtree patterns in D

and their counts; Use them to initialize L;
2. k = 3;
3.While k < MAX LEV EL

4. Obtain all k-subtree patterns in D and their counts;
5. Sort these patterns in decreasing order of their counts;
6. For each k-subtree pattern p:
7. Estimate σ(p) and compute the estimation

error e;
8. if e > δ then add p to L;
9. if size(L) ≥ S exit;
7. k + +;
8. return L;

Fig. 5. Algorithm TreeLattice-Build

4 Experiments
In this section, we examine the performance of our proposed approach for XML twig
selectivity estimation on synthetic and real-life datasets. We compare our approach with
TreeSketches, a state-of-the-art scheme [2].

4.1 Experimental Setup

All the experiments were conducted on a Pentium 4 2.66GHz machine with 1GB RAM
running Linux 2.6.8. Below we detail the datasets, workloads and error metric consid-
ered in our evaluation.
Datasets: We use four publicly available datasets in our experiments: Nasa, a real-
life dataset converted from legacy flat-file format into XML and made available to the
public; PSD (Protein Sequence Database), a real-life dataset of integrated collection
of functionally annotated protein sequences; XMark, a synthetic dataset that models
transactions in an on-line auction site and IMDB, a real-life dataset from the Internet
Movie Database Project. We would like to note that for the PSD dataset, both algorithms
take a long time to process, so we present results on a sample. The main characteristics
of the datasets are summarized in Table 1.
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Query Workloads: In our experiments, we consider three different kinds of workloads:
random, frequent-twig and negative-query. Regardless of workload, the first step is to
enumerate all possible queries for a given dataset. This set of queries is further parti-
tioned, where each partition corresponds to twig queries of a certain size. For the ran-
dom workload, we sample a fixed amount from each partition under a uniform random
distribution to yield a total of 1000 queries. This level-wise partitioning and sampling
also enables us to evaluate the performance of our strategies, in particular their error
propagation, in a controlled manner.

For the frequent-twig workload, we pick the most frequent 1000 twig queries as
the workload. An alternative strategy would be to sample twigs as a function of the
frequency of occurrence (a stratified sampling model). However, we observed little dif-
ference in the performance of these two frequency-based strategies and thus limit our
discussion to the frequent-twig workload. Twig queries in the frequent-twig workload
will have large selectivity rates, as expected.

We also generate and evaluate various negative-query workloads (workloads ex-
clusively consisting of queries with zero selectivity). To generate these workloads, we
followed the initial step of enumerating all possible queries. For each twig we then
replaced node labels in accordance with their frequency of occurrence. More frequent
labels are used for replacement more often so there is a greater chance for erroneous
predictions (since sub-twigs are more likely to occur frequently). We then filter those
queries whose selectivity is above 0. Once again we limit the workloads to be of size
1000. Experimental results show that TreeSketches is always accurate (100% of the
time), and that TreeLattice is almost always as accurate (99% of the time), and returns
the correct answer (zero). There is little difference between these two strategies for
negative workloads, so we do not consider this workload further.
Error Metric: We quantify the accuracy of estimations using the average absolute rel-
ative error over all queries in the workload. The absolute relative error is defined as
|σ − σ̂| / max(s, σ), where the sanity bound s is used to avoid the artificially high per-
centages of low selectivity queries. Following common practice [2, 1], we set s to be the
10-percentile of true query counts. We use a lower bound of 10 if s should fall below
that value.

4.2 Accuracy of Estimators

Here we examine the accuracy of the estimators on our workloads. For both TreeLattice
and TreeSketches, we limit the summary size to 50KB. Figures 6a-d show the average
selectivity estimation error on various frequent-twig workloads for all four datasets.

An obvious trend that stands out is that as the size of the twig query increases,
the quality of the estimation decreases. This is not surprising, since the estimation er-
rors grow for larger-sized queries for both strategies. Specifically for TreeLattice, the
smaller sized queries are closer to the lattice boundary (exact information maintained
in the summary) and thus subject to less estimation error. In contrast, for larger queries,
depending on the number of decomposition and estimation steps, the error will accumu-
late, finally affecting the quality of the estimations. On the Nasa dataset, for example,
the recursive decomposition estimator yields very accurate estimations on frequent-twig
workloads of size 5 and 6, with error 0.0% and 4.2%, respectively. In contrast, on the
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frequent-twig workloads of size 8 and 9, the error increases to 11.6% and 17.8%, re-
spectively. The effect of error accumulation can be clearly seen from the results. The
other two estimators have a similar trend when working on various workloads for all
datasets.

We would like to note that the voting scheme refines the estimations effectively by
mitigating the error propagation. The recursive decomposition estimator with voting
usually yields the most accurate estimations. Additionally, one should note that the
estimations returned by the fast decomposition estimator is very similar to that returned
by recursive decomposition estimator with voting.

When comparing the two strategies, it can be observed that TreeLattice significantly
outperforms TreeSketches for both the Nasa and PSD workload on all query sizes. On
the XMark dataset, TreeLattice is near perfect and TreeSketches is marginally worse
(note the Y-axis scale). On the IMDB workload, TreeSketches outperforms TreeLattice
significantly on larger query sizes. On smaller query sizes, the difference is not as sig-
nificant. Note that on Nasa, PSD and XMark, in most cases, even the weakest estimation
strategy in TreeLattice, recursive decomposition estimator without voting, does better
than TreeSketches.

Figures 7a-d show the average selectivity estimation error on the random work-
loads for all four datasets. The trends are very similar to the ones observed for the
frequent-twig workloads. Two differences are that TreeLattice is closer in performance
to TreeSketches on the IMDB dataset and on the XMark dataset TreeSketches performs
poorly (the errors are well above 100% in some cases).

To examine a possible outlier effect, we plotted the cumulative distribution function
of the errors. Figures 8a-d present the results for frequent-twig workloads. The results
are consistent with Figure 6, showing that TreeLattice outperforms TreeSketches con-
sistently on all datasets except IMDB. The results on random workloads are similar and
are omitted in the interest of space. The complete results can be found in the full version
of this paper [17].

In conclusion, these results demonstrate that TreeLattice is effective in summariz-
ing the distribution of the underlying twigs. Furthermore, we show that TreeLattice is
effective in processing both frequent and infrequent twig queries. When the query size
is increased, the quality of the estimation is reduced (due to the error propagation).
Specifically among the strategies evaluated, the recursive decomposition with voting
estimator usually yields the best estimations. Finally, the fast decomposition estimator
yields close estimations to the recursive decomposition estimator with voting.

4.3 Impact of Varying Summary Size

In this experiment, we measure the estimation error while varying the summary size.
We use a frequent-twig workload containing frequent 8-twig queries. Figures 9a-d show
the average selectivity estimation error when varying the summary size for Nasa, PSD,
XMark and IMDB, respectively. As expected, we observe that an increase in the size of
the summary yields more accurate estimations. As before, TreeLattice works extremely
well for Nasa, PSD and XMark. An important point here is that the estimation error for
these datasets is well below 10% when we use at least a 40KB summary. For the IMDB
dataset, TreeSketches is better than TreeLattice.
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4.4 Implications on Estimation Time
In this experiment, we compare TreeLattice against TreeSketches in terms of selectivity-
estimation time. Figures 10a-d present the response times of the different approaches on
frequent-twig workloads for Nasa, IMDB, PSD and XMark, respectively. The results on
random workloads are similar and are omitted in the interest of space, though the com-
plete results can be found in the full version of the paper. As seen in the figures, in most
cases, all TreeLattice estimators are much more efficient than TreeSketches. Specifi-
cally, TreeLattice runs extremely fast when processing relatively small twig queries. As
we increase the query size of the workload, the recursive decomposition estimator with
voting becomes much slower. The degradation of response time becomes more signifi-
cant as we increase the size of the twig queries. This is not surprising, since the number
of all possible decompositions increases exponentially with the number of recursion
levels. The recursive decomposition without voting is fastest. However in terms of ac-
curacy, this strategy is the weakest among the three. The overall performance of the
fast decomposition estimator is clearly the best since it is close to recursive decomposi-
tion estimator in terms of response time, and it is close to the recursive decomposition
estimator with voting in terms of estimation quality.

4.5 Impact of δ-derivable Pruning
The pruning strategy we describe earlier allows us to replace δ-derivable patterns with
non-derivable patterns in the lattice summary. Here we examine the potential benefits
of this strategy on the IMDB dataset. We use the frequent-twig workload for this exper-
iment. Figure 11 presents the estimation quality at the different δ-levels. All summary
sizes are fixed at 50KB. As can be seen in the figure, when we increase δ, the esti-
mations become more accurate for large twig queries. This comes at a small sacrifice
in the estimation accuracy for small twig queries. If the estimation error for the small
twig queries is tolerable, we can continue to increase δ for the benefit of improved es-
timations for large twig queries. If we consider a single large workload consisting of a
uniform number of different-sized queries (4 to 9), δ = 20% gives the lowest average
error (17.9%).

4.6 Comparison of Summary Construction Times

In this experiment, we evaluate the cost of constructing the summary. In TreeSketches,
this is a very expensive operation as it involves a bottom-up clustering of similar sub-
structures in the XML data tree. In contrast, our approach relies on fast off-the-shelf
efficient tree-mining algorithms to build the summary. Table 3 presents the time re-
quired by both approaches to construct a 50KB summary on each of the four datasets.
The advantage of our approach over TreeSketches is quite telling–with an improvement
of about one order of magnitude.

4.7 Result Summary and Rationale

The experimental results have shown that TreeLattice is very effective and efficient
in estimating selectivity of the XML twig queries. In most cases, TreeLattice outper-
forms TreeSketches in terms of both accuracy and response time. In addition, pruning
δ-derivable patterns can further refine the selectivity estimation for large queries. We
also notice that TreeLattice is outperformed by TreeSketches on IMDB, though it still
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yields reasonable estimations. Here we attempt to explain the rationale behind these
results.

We know that TreeLattice is based on the conditional independence assumption of
twig growing. If real XML data satisfy this assumption well, then TreeLattice will per-
form well. On the other hand, if the assumption does not hold, it will not. From the
experimental results, it would appear that Nasa, PSD and XMark satisfy the assump-
tion well and IMDB does not. Our expectation is supported by Table 4, which lists
the number of patterns satisfying the assumption at different lattice levels on the four
datasets. From the table, we see for the Nasa, PSD and XMark datasets, the ratio of
0-derivable patterns to total patterns is quite high, meaning they satisfy the assumption
well. In contrast, the ratio on IMDB is much lower, which is reflected in the results.

Now let us take a closer look at TreeSketches. The TreeSketches synopsis is con-
structed by a bottom-up clustering of the similar substructures in the XML data tree. In
it, an edge (x, y) with weight α represents that on average, each node in set x has α
children in set y. Assume we have n nodes in set x, and the nodes have α1, · · · , αn, chil-
dren in set y, respectively. If there are many similar substructures in the XML data tree
found by bottom-up clustering, then TreeSketches should work very well (e.g., IMDB).
On a detailed examination of IMDB, we find this to be the case. However, if this does
not hold, then one is forced to cluster substructures that are not very similar in order
to compress the XML data tree. This results in a large variance of αi which leads to
larger errors that propagate rapidly. We believe this explains the poor performance of
TreeSketches on the other three datasets.
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Fig. 6. Average estimation error on frequent-twig workload: (a)Nasa (b)PSD (c)XMark (d)IMDB
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Fig. 9. Average estimation error when varying summary size: (a)Nasa (b)PSD (c)XMark
(d)IMDB

Dataset Elements File Size(MB)

Nasa 476646 24
PSD 335193 12

XMark 167864 12
IMDB 155898 7
Table 1. Dataset characteristics

5 Related Work
Chen et al. [3] were among the first to study the problem of estimating twig counts.
They propose the Correlated Sub-path Tree (CST) method for estimating the selectivity
of XML twig queries. A CST is a suffix tree-based data structure used to store all the
paths up to certain length. To estimate the selectivity of a given twig query, this ap-
proach needs to decompose a twig into a set of paths stored in the CST. Note that even
though both the CST and our TreeLattice approach depend on decomposing a large twig
into basic twigs, they are quite different in several respects. First, our approach utilizes
the subtrees instead of paths as the summary of an XML document. Our results have
shown that these subtrees capture the structure of an XML document very effectively.
In contrast, in order to perform selectivity estimation, CST has to store additional infor-
mation, called set hashing signature, in order to capture the correlation among paths.
Our approach is essentially a generalization of the Markov model-based approach for
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Fig. 10. Average response time on frequent-twig workload: (a)Nasa (b)PSD (c)XMark (d)IMDB
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Fig. 11. Average selectivity estimation error when varying
delta (IMDB)

Dataset Nasa PSD XMark IMDB
Query Size Frequent Random Frequent Random Frequent Random Frequent Random

4 5377 4073 6601 3321 2774 1722 3519 784
5 8282 3742 11563 2827 5995 2058 40703 985
6 21334 3978 28160 2398 6347 3251 11815 1982
7 58920 4004 68877 2383 169993 6641 17193 2937
8 29558 2855 129892 2920 288944 10394 29962 3559
9 18814 2608 148993 2464 281808 5748 37963 5825

Table 2. Workload characteristics (average no. of binding tuples)

Dataset TreeLattice TreeSketches

Nasa 10 80
PSD 21 102

XMark 15 78
IMDB 1 8

Table 3. Summary construction time (in minutes)

Dataset Nasa PSD XMark IMDB
Lattice Level # total # 0-derivable # total # 0-derivable # total # 0-derivable # total # 0-derivable

3 213 174 282 201 365 302 877 156
4 668 434 1284 1016 1283 1138 9839 3625
5 2296 1866 6728 5778 4378 3948 - -
6 8274 7768 34976 31580 14492 13251 - -
7 30492 29232 - - 46628 43373 - -

Table 4. Number of total and 0-derivable patterns on four datasets
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XML path selectivity estimation. When dealing with XML path queries, TreeLattice
yields the same selectivity estimation as the Markov model-based approaches, which
have been shown to be more effective than the CST-based approach [10].

XSketches [16] exploits localized graph stability in a graph-synopsis model to ap-
proximate path and branching distribution in an XML data graph. Its successor inte-
grates support for value constraints as well, by using a multidimensional synopsis to
capture value correlations [15]. They augment the XSketches model with new distri-
bution information [1] to estimate the selectivity of XML twig queries and show that
XSketches performs better than CST, yielding estimates with significantly lower esti-
mation error.

TreeSketches [2], a successor of XSketches, clusters similar fragments of XML
data together to generate its synopsis. The granularity of the clustering depends on the
memory budget. Also, it outperforms its predecessors in terms of both accuracy and
construction time. We note that the scope of TreeSketches is much broader than that of
TreeLattice, since they are able to handle more general twigs (containing // operator).

A particular case of the twig query is the XML path query. The wide use of XML
path queries has motivated many researches on estimating their selectivity. The Lore
system [8] is one of the earliest works in this direction. It stores statistics of all distinct
paths up to length m, with m being a tunable parameter. Selectivity of paths longer than
m are estimated assuming the Markov property. Aboulnaga et al. [10], extends the idea
used by Lore system in their Markov table method. It consists of a set of pruning and
aggregation techniques on the statistics used in the Lore system and therefore offers an
improvement by reducing the space requirements. Aboulnaga et al. [10], also propose a
tree-based method known as the path tree, for estimating the selectivity of XML paths
without data values. A path tree is a summarized form of the XML data tree. Compared
with the Markov table method, this approach is inferior in terms of estimation accuracy
for real datasets [10].

XPathLearner [9], is an on-line, self-tuning, Markov table-based approach used to
estimate the selectivity of XML paths. The statistics of the data are collected in an on-
line fashion, thus it is workload-aware. By design, our approach is also incremental
in nature and can maintain summaries on-line, though we do not evaluate this aspect
here. Our method is a generalization of these Markov model-based approaches for more
complex twig queries. Recently, Wang et al. [12] propose the use of Bloom Histograms
to estimate XML path selectivity. It is the first approach that gives a theoretical bound
on the estimation error. However, it does not handle twig queries.

6 Conclusions and Future Work

In this paper, we have described a new approach, TreeLattice, to estimate the selectivity
of XML twig queries with branching predicates. TreeLattice is shown to be comparable
or better than TreeSketches in terms of estimation accuracy. Moreover, our technique
is significantly faster both in terms of summary construction and in terms of selectivity
estimation. Furthermore, we have provided theoretical foundations for the estimation
process and have shown that TreeLattice subsumes the successful Markov model-based
XML path selectivity estimation approach as a special case.

In the future, we will study the following issues: First, we would like to extend
TreeLattice to handle more complex twig queries with recursion predicates (// operator).
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In this case, we are allowed to grow the twig in a more relaxed fashion. We conjecture
that the conditional independence assumption of tree growing will still hold even for
this case. Second, an error bound associated with the estimation would be very useful
and we have made some initial progress towards this end. Third, we would like to
adapt TreeLattice in a manner similar to XPathLearner, where information learned from
an on-line workload can dynamically guide what is to be maintained in the summary
structure.
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