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Abstract. We propose an efficient algorithm for computing of the edit
distance between an XML document and a probabilistic XML document.
Probabilistic XML is a hierarchical data model capturing uncertainty of
both value and structure. It is suitable to many modern applications
such as information extraction, scientific data management and data in-
tegration. The computation of similarity is an essential building block for
the comparison, alignment, clustering and classification of data in these
applications. Several algorithms exist for measuring the structural sim-
ilarity between XML documents among themselves or XML documents
and XML document type definitions and schemas. The new challenge
in efficiently computing the similarity between an XML document and
a probabilistic XML document is the multiplicity of the possible worlds
that a probabilistic XML document represents. In this paper, we devise
and discuss algorithms for computing the similarity between an XML
document and a probabilistic XML document. We empirically and com-
paratively evaluate their performance. In the absence of established cor-
pora and benchmarks for probabilistic XML, we also propose and use
random probabilistic XML models together with the associated random
generation algorithms.

1 Introduction

1.1 Motivation

Modern applications wanting to exploit the now available numerous data sources
face the challenge posed by uncertainty of information. Unfortunately there is
little room for uncertainty in traditional database models and management sys-
tems. New models, new tools and techniques are needed.

Several probabilistic extensions to the relational models have been proposed
(see [10, 14, 3, 28, 15]). However hierarchical models in general and XML in par-
ticular provide further features, such as semi-structured-ness and schemaless-
ness, that are crucial to the applications that we are discussing.

Probabilistic XML is a hierarchical data model capturing uncertainty of both
value and structure. There exist several variants of the model (see [24, 1]). Prob-
abilistic XML is suitable to applications such as sensor networks, information
extraction, scientific data management and data integration (see [36] and [45],
for instance).



The computation of similarity is an essential building block for the tasks
at hand, namely comparison, alignment, clustering and classification of data.
Several algorithms exist for measuring the structural similarity between XML
documents among themselves or XML documents and XML document type def-
initions and schemas. The new challenge in efficiently computing the similarity
between an XML document and a probabilistic XML document is the multiplic-
ity of the possible worlds that a probabilistic XML document represents.

In this paper, we devise and discuss algorithms for computing the similarity
between an XML document and a probabilistic XML document. The algorithms
implement the expected value of the edit distance between an XML document
and the documents in the set defined by the probabilistic XML document. We
empirically and comparatively evaluate their performance.

In the absence of established corpora and benchmarks for probabilistic XML,
we also propose and use several random probabilistic XML models together with
the associated random generation algorithms.

1.2 Probabilistic XML

Figure 1 shows a probabilistic XML document in the model of [36]. A probabilis-
tic XML document is an XML document with special nodes. In the figure the
special nodes are labeled “mux” and “ind”. These nodes are called distributional

nodes. They have a special interpretation.
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Fig. 1. A Probabilistic XML Document and one of its Possible World

A distributional node labeled “mux” denotes a mutually exclusive choice
among its children (or none of the children if the sum of probabilities is less
than one) with a probability associated to each child. We refer to these distribu-
tional nodes as “mutually exclusive distributional nodes”. A distributional node
labeled “ind” denotes an independent choice among its children with a proba-
bility associated to each child. It denotes the mutually exclusive choice of one
subset of the children (possibly empty). We refer to these distributional nodes
as “independent distributional nodes”.

In this paper we only consider probabilistic XML documents with mutually
exclusive and independent distributional nodes. Other models introduce two



additional distributional nodes. A distributional node labeled “exp” denotes a
mutually exclusive choice among selected subsets of its children with a proba-
bility associated to these subsets as indicated in an ancillary data structure. A
distributional node labeled “cie” denotes an independent choice among its chil-
dren according to a Boolean expression associated to each child. The expression
is the conjunction of positive and negative literals called events. The truth value
of each event is associated to a probability, globally in the document. The distri-
butional node with its Boolean expression denotes the mutually exclusive choice
of one subset of the children (possibly empty); yet, this choice is coordinated
among the distributional nodes referring to the same events.

A probabilistic XML document denotes the set of XML documents corre-
sponding to the possible replacement of the distributional nodes by one of the
choice that they denote. Each of this XML document is associated with the
induced probability of the corresponding choices.

In the example, the mutually exclusive distributional node below the node
labeled “2009” indicates a choice between a child “21.040 million TEUs” with
probability 0.8 and “20.9 million TEUs” with probability 0.2. The independent
distributional node below the node labeled ‘container throughput” indicates an
independent choice between zero to three children among “2007”, “2008” and
“2009” with the respective probabilities.

In general, a probabilistic XML document U is a random model of XML
documents. It is a probability space that defines an assignment of probabilities to
all ordinary XML documents or, in other words, a probability distribution over
XML documents. Each XML document with a non zero probability, Pr(d) >

0, is called a possible world of the probabilistic document U . We say that a
possible world d, has a probability Pr(d) to belong to pwd(U), representing the
set of possible worlds defined by the probabilistic XML document U . Clearly∑

d∈pwd(U) Pr(d) = 1.
The XML document in Figure 1.b is one possible world of the probabilistic

XML document in Figure 1.a. The probability of this possible world to belong
to the model is 0.8× 0.9× (1− 0.7)× 0.8 = 0.1728. There are 12 possible worlds
in the model of the XML document in Figure 1.a.

1.3 Plan

In the following, related work is synthesized in Section 2. We define similarity and
present the algorithms for its computation in Section 3. Section 4 presents and
discusses the results of the empirical and comparative performance evaluation of
our algorithms. It also discusses the generation of synthetic probabilistic XML
data. Finally, we conclude in Section 5.

2 Related Work

2.1 Uncertain Data Models

Uncertainty is introduced for the relational model by the authors of [10]). In [10]
and [14], the authors introduce a data model in which point-valued probability



measures are assigned to tuples. The probability measure indicates the joint
probability of all the attribute values in the tuple. In [3], the authors propose
a model in which point-valued probability measures are assigned to individual
attribute values or to sets of attribute values resulting in a nested relational
model. [28] presents interval-valued probability measures are assigned to sets of
attribute values, which is also a nested relational model. The choice of interval-
valued probabilities helps capture the error in measurement approaches. In the
data model of [15] interval-valued probability measures are assigned to tuples.

[1] surveys the different probabilistic XML data models that have been
proposed in the literature. These models differ in the distributional nodes that
they consider: mutually exclusive choices, independent choices, explicit choices
and conjunction of independent events. Following [1], we refer to these models
according to the distributional nodes that they consider. The mostly used models
are PrXMLmux, PrXMLmux,ind, PrXMLexp and PrXMLcie, respectively.

Table 1 summarizes the introduction and adoption of these models by the
different papers that we discuss in this subsection.

models \ papers [24] [36] [2] [13] [20] [19] [45] [26] [25]

PrXMLmux √ ∗ √

PrXMLmux,ind ∗ √ √ √ √ √

PrXMLexp ∗ √ √

PrXMLcie ∗

Table 1. Introduction (∗) and Adoption (
√

) of Models

The authors of [36] introduce the PrXMLmux and PrXMLmux,ind models,
the latter being more expressive than the former. They propose query process-
ing techniques for these models. [24] uses existing query processing techniques for
uncertain XML to mine uncertain XML data. They use the PrXMLmux model.
The authors of [2] introduce the notion of independent events and the PrXMLcie

model. They show the added expressiveness of PrXMLcie over PrXMLmux,ind.
They define query evaluation and update techniques for both PrXMLmux,ind

and PrXMLcie. In [13] a notion of constraint in the PrXMLmux,ind model is
discussed . The authors shows the tractability of query evaluation including
aggregate queries in this model. The authors of [20] introduce the PrXMLexp

model together with semantics, algebra and efficient algorithms for query pro-
cessing. They look at extending the model to interval probability values in [19].
The model proposed in [45] is similar to PrXMLmux,ind. It is used to integrate
disparate data and comes with a näıve query processing algorithm. The au-
thors of [26] study the evaluation of twig queries for probabilistic XML in the
PrXMLmux,ind model. They broaden their study to PrXMLmux, PrXMLmux,ind,
PrXMLexp, and PrXMLcie in [25].

There seems to be a natural tradeoff between the expressiveness of a model
and the efficient of query evaluation. PrXMLmux is the least expressive model
while the most expressive are PrXMLcie and PrXMLexp. Their combination
PrXMLcie,exp subsumes all the other models. We believe that PrXMLmux,ind



strikes a good balance between the expressiveness and efficiency. This model is
also the most commonly adapted.

One question remains critically unanswered in the above research publica-
tions: where are the probabilistic XML documents? We believe indeed that until
the tools and techniques for probabilistic XML are developed to a satisfactory
level we will not see applications adopting probabilistic XML models and gener-
ating probabilistic XML documents. It is therefore difficult to empirically eval-
uate the tools and techniques in the absence of corpora from these applications.
This is a chicken and egg situation. A closer look at the papers that we have
reviewed above reveals that the experimental data used for the performance
evaluation and analysis are mostly ad hoc. Only the authors of [45] consider a
practical information integration scenario and propose to derive the probabilities
from weights assigned to the different data sources and from statistics computed
from the data; yet they use two makeshift documents for the evaluation of their
proposal.

We therefore turn to the random generation of probabilistic XML documents
for the evaluation of the performance of our proposed algorithms. XML appli-
cation benchmarks such as [41], [8], [7], and [48], as well as the [39] micro
benchmark come with synthetic data generators. ToXGene [4] is a template-
based generator for synthetic XML documents. It allows the controlled genera-
tion of XML documents of all size and shapes. Our approach is one of random
generation as in the data generators of the benchmarks and of ToXGene.

2.2 Similarity

Similarity metrics and distances attempt to quantify the resemblance of different
objects. The edit distance, introduced for strings in [32] and [46], quantifies this
resemblance as the minimum cost of transforming one object into another. The
lower the cost is, the more similar the objects. For instance, in the case of
strings, the string edit distance is the minimum number of insertion, deletion
or replacement of characters that can rewrite one string into another. Different
edit distances can be defined by allowing different sets of elementary operations
and giving them different individual costs.

The idea of a tree edit distance is introduced by Tai in [43] in 1979. Zhang
and Shasha [49, 42] propose several definitions and algorithms for edit distances
of ordered and unordered trees. In this paper we consider the tree edit distance
proposed in [11] that allows update of any vertex in the tree but restricts dele-
tions and insertions to leaves. The tree alignment metrics of the family of the
one proposed by Jiang et al. in [21] are alternatives to the edit distance.

The different tree edit distances and tree alignment metrics have naturally
been applied to define and compute the similarity of XML documents [35, 12].
However other distances and similarity metrics have been proposed and used for
XML documents that are based on edge matching and counting [27, 33], path
matching and counting [9, 38, 22], entropy [40, 18] and Fourier transform [16].
More creative and application specific metrics have been proposed in [34, 23, 47,
30]. Research on information retrieval for XML documents(e.g. [17]) has defined



similarity metrics inspired by those commonly used in information retrieval.
They have, for instance, adapted term and document frequencies and the vector
space model to XML. In addition, one can remark that XML structured queries
(in Xpath or XQuery, for instance), DTDs and XML schemas denote sets of
XML documents: the answers to a query, the valid documents. Therefore differ-
ent authors have studied the similarity between XML documents and queries,
XML documents and DTDs or schemas, as well as among queries or DTDs or
schemas themselves. The similarity to a set of XML documents can be defined
as the minimum, maximum, average or any other aggregate of the individual
similarities.

The authors of [44] use tree edit distance to measure the similarity between
an XML document and a DTD. In [6], the authors define an alignment-based
ranked matching between an XML document and a DTD. [5, 31, 29] propose
methods to measure the similarity among DTDs.

The above similarity definitions and the algorithms to effectively and effi-
ciently compute them have been used for approximate query answering(e.g. [17]),
data mining, classification and clustering [35, 27, 33, 9, 38, 22, 40, 18, 16, 44, 6], ch-
ange detection [12], data integration [34, 23, 47, 30] and schema integration [5,
31, 29] among many others applications.

3 Proposal

3.1 Membership

Before we discuss the computation of the edit distance between an XML docu-
ment and a probabilistic XML document, let us first introduce a different but
somehow preliminary problem. We refer to this problem as the “membership
problem”. Given an XML document d and a probabilistic XML document U ,
the membership problem consists in computing Pr(d) in the probability space
defined by U . The näıve way to compute Pr(d) is to enumerate pwd(U), the set
of possible worlds denoted by U together with their associated probabilities and
to look up for d and Pr(d) in pwd(U). However the number of possible worlds
can potentially combinatorially explode. Algorithm 1 is instead a level by level
matching algorithm. It is a recognizer for the documents in the set of possible
worlds.

3.2 Edit Distance

The edit distance between two trees is the minimum cost of the operations needed
to transform one tree into another. In this paper we consider the definition of [11]
in which three unit cost operations are considered: deletion of a leaf, insertion
of a leaf and update of a node anywhere in the tree. In an XML document we
define the elements to be the nodes and leaves. We refer to this edit distance
between two XML document as δd. δd can be relatively efficiently computed
using dynamic programming.



Algorithm 1: Membership algorithm

Data: U : one probabilistic XML document, doc : one XML document
Result: the probability Pr

1 generate all possible mappings in the current level;
2 if no such mapping then

3 stop;
4 for each mappingi do

5 pi=1;
6 for each distributional node in this level do

7 pi=pi×distributional-node-probability
8 for each correspondence of mappingi do

9 recursively call this procedure;

10 Pr=Pr+pi;
11 Return Pr;

A probabilistic XML document is a probability space. The edit distance be-
tween an XML document d and a probabilistic XML document U can be defined
as the minimum, maximum or average distance between the XML document and
the possible worlds (recall that a possible world is an XML document). In this
paper we choose to define it as the expected value of the edit distance between
the XML document and the possible worlds. We refer to this edit distance as
δp. It is the sum of the tree edit distances between the XML document and the
possible worlds weighted with the probabilities of the possible worlds, as given
in equation 1.

δp(d, U) =
∑

w∈pwd(U)

Pr(w) × δd(d, w) (1)

In this paper we use and adapt the tree edit distance and the algorithm
of [11]. With the operations that we consider two trees can be compared using
the respective sequences of their nodes in preorder while carefully forbidding
the insertion and deletion otherwise than at the leaves. The technique and the
data structure, called the “edit graph” in [11], is itself an extension to trees to
the original dynamic programming approach and the matrix data structure used
in [46] for string edit distance.

Next we present three algorithms to compute the edit distance between an
XML document and a probabilistic XML document.

3.3 Enumeration algorithm

As with membership edit distance can be computed by enumeration of the pos-
sible worlds. The enumeration algorithm, E,presented in Algorithm 2, generates
the possible worlds for the probabilistic XML document U with their respective
probabilities (as in the näıve membership algorithm). Then, it computes the edit
distance between the XML document and each of the possible world. Finally it
sums the products of the distances with the respective probabilities. However, as



Algorithm 2: Enumeration algorithm

Data: doc : an XML document, U : one probabilistic XML document
Result: expected edit distance between U and doc

1 generate possible worlds di with their probability value pi from p ;

2 for each possible world di do

3 compute edit distance between di and doc with probability as the weight:
TEDi = TED(di, doc) × pi

4 sum up all the weighted edit distance
∑

i
TEDi;

we shall see this approach is as prohibitive here as it is for membership. Unfor-
tunately, all the pairwise distances between the XML document and the possible
worlds are needed.

3.4 Multidimensional Algorithm

The main idea for an efficient edit distance algorithm for probabilistic XML is to
share common computations. Indeed, while distributional nodes correspond to
branching to possible worlds, all other nodes in a probabilistic XML are normal
XML nodes and can be processed as such. The algorithm, that we call the “mul-
tidimensional algorithm” or MA for short, copies the dynamic programming sub
matrices when it encounters distributional nodes. It branches the computation
to the possible worlds or dimensions. This allows the sharing of computation
until the next distributional node.

The algorithm is further improved by noticing that the dynamic program-
ming approach does not require to memorizing the entire matrix but rather one
column at a time. The MA algorithm is presented in Algorithm 3. The matrix
is initialized at line 1. The special case of distributional nodes is handled from
line 3 to line 7 while line 8 to line 10 handle ordinary XML nodes.

Algorithm 3: MA algorithm

Data: doc : an XML document, U : one probabilistic XML document
Result: expected tree edit distance between U and doc

1 construct one matrix to store information for computation;

2 for each node of U in preorder traverse do

3 if distributional node then

4 compute all the cases of this distributional node;
5 for each case do

6 keep one copy of the current matrix;
7 process the next node;

8 else

9 update the matrix only with the latest column;
10 process the next node;

11 get all the produced matrix and compute final result;



3.5 Stack algorithm

Figure 2 illustrates the successive data structures needed in the computation of
the edit distance between an XML document and a probabilistic XML document.

The figure immediately suggests reconsidering the strategy of the MA algo-
rithm. Instead of memorizing the possible worlds and copying the columns of
the dynamic programming matrix we can compute the distance by a depth first
strategy that only requires remembering the data structures at the branching
points in the tree. This is classically done with a stack. Algorithm 4 illustrate
this algorithm that we call MAS.

Possible 

world

Possible 

world
Possible 

world

P11 P12

P12*P21 P12*P22

Fig. 2. MA and MAS Data Structure

The matrix is initialized at line 1. The special case of distributional nodes
is handled from line 4 to line 8 while line 9 to line 13 handle ordinary XML
nodes. The algorithm visits the probabilistic XML document in the preorder. If
the current node is a distributional node it pushes the current data structures
into a stack (line 5), and continue processing each of the possible worlds (line 6
to line 7). Otherwise (handled in line 9 to line 13) it normally compute the edit
distance for the current possible world.

4 Performance evaluation

4.1 Experimental setup

The three algorithms are implemented in Java. All experiments are run on a
Centos 5.5 2 x Quad-Core Xeon E5520 2.2GHz with 24.0GB RAM and 3 x
500GB SATA hard disk.

The experiments are conducted with synthetic data. In order to control the
generation of synthetic data we propose three random models for probabilis-
tic XML: PX(doc, n), PX(doc, p) and PX(doc, p, f). These random probabilistic



Algorithm 4: MAS algorithm

Data: doc : an XML document, U : one probabilistic XML document
Result: expected tree edit distance between U and doc

1 construct one matrix to store information for computation;

2 for each node of U in preorder traverse do

3 if not reaching the end then

4 if distributional node then

5 push the current matrix, all possible cases into stack M, stack Poss;
6 for each case do

7 process the first child in the case and pop Poss.top;
8 pop M.top;

9 else

10 if x ∈ Poss.top then

11 update the matrix and process the next node;
12 else

13 process the next non-descendant node;

14 else

15 record the result for this finished instance

XML models are probability spaces of XML documents (probability spaces of
probability spaces).

A probabilistic XML document in the PX(doc, n) model is derived from the
original XML document doc by inserting independently n internal distributional
nodes.

A probabilistic XML document in the PX(doc, p) model is derived from the
original XML document doc by inserting independently distributional nodes be-
low each internal node with probability p.

The reader has noticed the resemblance of these random models with their
graph counter parts: the Erdös-Rényi models [37].

Finally, in order to control the depth at which distributional nodes appear,
we propose the PX(doc, p, f) model in which a probabilistic XML document is
derived from the original XML document doc by inserting independently distri-
butional nodes below each internal node with probability p × f(q), where q is
the level of the node in the XML tree. For each of these models we devise an
algorithm that generates uniformly at random a probabilistic XML document in
the model.

We use these three models and the corresponding algorithms for our experi-
ments. In the experiments doc is a synthetic XML document (s.xml) generated
using ToXGene [4]. We could use a real XML document but preferred a syn-
thetic one in order to better control its features. The features of the generated
document are as follows. It has 43 nodes, 19 internal nodes, a maximum depth
of 4, an average depth of 2.558, a maximum number of children for the internal
nodes of 4, and an average number of children for the leaf nodes of 2.211.



4.2 Experiments
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Fig. 3. number of possible worlds as a function of the distributional nodes

Possible Worlds In this first experiment we measure the number of pos-
sible worlds as a function of the distributional nodes. We consider the three
PrXMLmux, PrXMLind and PrXMLmux,ind models.

We generate 1000 probabilistic XML documents (there may not be so many
different possible probabilistic XML documents, however by generating so many
we get a better uniformity of the sample) in the PX(doc, n) model for n varying
from 1 to 19. We plot the average value and its standard deviation.

Figure 3.a shows that, in the case of PrXMLmux, the number of possible
words increases until it reaches a maximum (n = 13) and decreases again. This is
because as the number of distributional nodes increases beyond 13 these modes
are more likely to be nested and generate less possible worlds. Figure 3.b shows
that, in the case of PrXMLind, the number of possible worlds increases. There is
no peak. This is because even if distributional nodes of type “ind” are nested the
number of possible worlds that they generate is still combinatorial. Figure 3.c
shows that, in the case of PrXMLind,mux, the number of possible worlds in-
creases. There is no peak. This is because the effect of distributional nodes of
type “ind” dominates the effect of distributional nodes of type “mux”.

Number of Distributional Nodes In this second experiment we measure the
number of distributional nodes as a function of the probability of the nodes to
be inserted at certain levels.

We generate 1000 probabilistic XML documents in the PX(doc, p, f) model
for p varying from 0.1 to 0.9. We plot the average value for the six functions
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Fig. 4. number of distributional nodes as a function of the probability

f0, f1, f2, f3, f4 and f5 of Figure 4.a. Notice that in the cases of f being a
constant function (f0(q) = 1 and f3(q) = 0.5) PX(doc, p, f) is PX(doc, p × f)
and, therefore is in the PX(doc, p) model.

Figure 4.b shows that for the same compound probability (sum of the proba-
bilities for each level: f1 to f5 ) the larger the slope the more distributional nodes.
The case of f0 also shows that the larger the probabilities the more distributional
nodes.

Running Time In this third experiment we measure the running time as a func-
tion of the number of distributional nodes. We consider the three PrXMLmux,
PrXMLind and PrXMLmux,ind models.

We generate 1000 probabilistic XML documents in the PX(doc, n) for n vary-
ing from 5 to 9. We plot the average value and its standard deviation for the
three algorithms: enumeration algorithm, E, multidimensional algorithm, MA,
and the stack algorithm, MAS.

The average running time is increasing with the number of distributional
nodes. On figure 5.a,c,e we see that the MA and MAS are significantly faster
than E. On figure 5.b,d,f, zooming in the performance of MA and MAS, we see
that the stack algorithm is faster. Although MA and MAS are just a breadth-
first and depth-first traversal of the same tree, respectively, there is overhead
in copying and memorizing the data structures in MA as opposed to pushing
and popping the strictly necessary ones to and from the stack in MAS. MAS is
the most efficient algorithm for computing the edit distance between an XML
document and a probabilistic XML document.

5 Conclusion

We have defined the similarity between an XML and a probabilistic XML doc-
ument as the expected value of the edit distance between the XML document
and the set of XML documents denoted by the probabilistic XML document. We
have devised an original dynamic programming algorithm, MAS, and empirically
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Fig. 5. running time as a function of the number of distributional nodes

shown that it outperforms the baseline approaches. In the absence of established
corpora and benchmarks for probabilistic XML, we have also proposed several
random probabilistic XML models and their corresponding random generation
algorithms for the generation of synthetic probabilistic XML data.
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