
Twisting the Metric Space to Achieve Better Metric Trees
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Abstract

In order to index text fields in XML databases for similarity queries, M-Trees may be applied. However,
some datasets experiments using M-Trees for this purpose resulted in low query performance. The problem
is that the arrangement of the objects in these datasets over the metric space seems to be inappropriate
for grouping. This can jeopardize query performance because the M-Tree structure is based upon grouping
of similar objects. We propose applying a twisting function over the metric space to generate a new space,
the “twisted space”. In this new space, objects are better arranged enabling a more appropriate grouping.
However, this twisted space cannot be used for querying, because it does not have the metric properties
required by M-Trees. Therefore, we need to use both, twisted and metric space. The paper presents such
modified M-Trees as well as experiments that show performance improvements.

1. Introduction

XML is being adopted not only as a WEB data exchange language but also as a model for
data storage. In this paper, we consider the problem of similarity querying for XML databases.
Similarity querying appears in some application, like databases that collect data from the WEB.
Consider as an example a database that collects bibliographic data from the WEB. Suppose
someone wants to find papers written by the author “Edgard Codd”. In a large database, many
aliases for this same author, like“Codd, Edgard”or“E. Codd”may appear. Actually the problem
is not specific to XML databases, and could appear also in relational databases, when querying
small text fields. However, in structured relational databases usually there is no data redundancy
and instances are identified by primary keys reducing the problem.

With the growth of the size of XML databases the need for indexing techniques arises. Several
index techniques specifically designed with the purpose of indexing XML were proposed [12, 18,
9, 19, 14, 11, 22]. However these techniques focus on querying XML for exact matches.

In this paper we discuss the problem of indexing the contents of XML text fields for similarity
queries.

Similarity queries are used to find objects in the database that are within a certain degree
of similarity of the object the user wants. The object to be found is called query object. To
evaluate this degree of similarity, a similarity function s is used, that compares the query object
with each database object and returns a value between zero(0) and one(1), zero(0) meaning
completely different objects, and one(1) meaning the same objects.

Given a set of all possible objects O,

s : O2 → [0, 1]



is the similarity function that measures how similar one object is to another (the value one(1)
means 100% similarity).

For the purpose of similarity querying of images several access methods have been pro-
posed [15, 24, 1, 2, 16, 23, 21, 20]. In this paper we discuss the adaptiveness of one of them,
the M-Tree [10], for the purpose of similarity querying short text field as appearing in XML
databases.

We provide experiments showing the performance of M-Trees for this purpose. M-Tree’s
performance depends on how well the objects it is indexing are organized in the metric space.
This distribution depends on two factors, the data values themselves and the distance function
that is applied. In the case of small text fields and the distance function used to compare them
(edit distance [17], n-grams [6]) our experiments show that the dataset is not well disposed for
indexing, so the performance is not as good as expected. To solve this problem, we propose
twisting the space the objects are immersed, so that they are re-arranged in a better disposition
for indexing. Experiments we provide here show that this indeed improves the performance of
the index.

Section 2 briefly presents some existing indexing methods. Section 3 presents experiments
of the application of M-Tree for XML. Section 4 introduces a technique to improve existing
indexing methods. Section 5 presents experiments showing performance improvements using
this technique. Section 6 presents the conclusion and suggestions for future work.

2. Related Work

One method that could be used to index a dataset is the vector space [13]. Each relevant
feature of an object is mapped to a number which represents how much of this feature is present
in the object. Then, if there are n relevant features, there will be a vector of size n for each
object. The distance of two objects is given by the distance of the vectors. However, the vector
space cannot be used for text fields in XML documents because it is not possible to map text
to meaningful numbers.

Nevertheless, it is still possible to compute a number that represents the distance as the
similarity between two text fields. One way to do this is computing how many letters it would
be necessary to transform one name into another and have this as the distance between them
(edit distance). This is called a distance function. A distance function compares two objects,
attributing a number to their distance, even though it does not map each of them to a vector
space.

Given a set of all possible objects O,

d : O2 → R+

is a distance function that compares objects in O. Zero(0) means that the objects are the same.
The greater the value the greater the difference between them.1

Distance functions have the following properties [7]:

∀o1, o2, o3 ∈ O,

1Note that distance functions return low values for similar objects while similarity functions returns
low values for different objects. Also note that the range of similarity functions is [0, 1] while the range
of the distance functions is [0,∞), although in our experiments we have normalized it to [0, 1].
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Figure 1: Examples of a k-nearest neighbor (left) and a range (right) query.

positiveness: d(o1, o2) ≥ 0
symmetry: d(o1, o2) = d(o2, o1)
reflexivity: d(o1, o1) = 0
strict positiveness: o1 6= o2 ⇒ d(o1, o2) > 0

If the distance function d also satisfies the triangle inequality propriety:

triangle inequality: d(o1, o2) + d(o2, o3) ≥ d(o1, o3)

then it is called metric and the pair (O, d) defines a metric space. Metric spaces are useful for
indexing objects that cannot be mapped to vector spaces.

Two types of queries are mainly used in the metric space [7]. They are shown in Figure 1:

Range query (q, r): retrieve all objects that are within distance r to q.
k-Nearest neighbor query NNk(q): retrieve the k closest objects to q in the database.

In order to index objects embedded in a metric space, several metric access methods (MAMs)
have been proposed [5, 26, 8, 3, 28, 4]. The M-Tree has introduced important features standing
out from its predecessors. M-Tree uses fixed size nodes allowing the use secondary memory. It
is dynamic, because it is possible to insert and remove objects from the tree without the need of
a costly re-organization of the tree structure. Finally, an M-Tree is constructed bottom-up, to
keep its structure balanced, so there will not be a drastic performance degradation as the tree
grows (scalability).

The M-Tree organizes the database objects into fixed size nodes. Leaf nodes store the
objects or pointer to the objects of the database, whereas non-leaf nodes store a routing object,
a pointer to the sub-tree, the covering radius of the routing object, and the distance of the
routing object from its parent.

Routing objects: objects from the database that guides the query on the M-Tree. Also known
as representatives.

Pointer to the sub-tree: each routing object has a pointer to a sub-tree that stores other
objects that are within a certain distance from the routing object.

Covering radius: represents the maximum distance from the routing object and any object in
its sub-tree.

Distance from parent: the distance between the routing object and its parent (another
routing object).
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Figure 2: Example of an M-Tree structure.
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Figure 3: Pruning nodes in the M-Tree.

An example of an M-Tree structure is presented in Figure 2. The structure takes advantage
of the triangle inequality propriety of the distance function to avoid node access and distance
computations during the query process. Suppose a range query (Q,RQ), a routing object O and
its radius RO. It is possible to discard the sub-tree of the routing object O if d(Q,O) > RQ +RO

because any object in O’s sub-tree would be inside O’s radius thus not satisfying the query
parameters. In the example of Figure 3, Q is the query object, A and E are routing objects of
an M-Tree. The sub-tree of object A can be discarded while E’s sub-tree have to be traversed
because d(Q,E) ≤ RQ + RE .

Slim-Tree [25] is a MAM similar to the M-Tree, but the Slim-Tree post-process its structure
avoiding intersections of the covering radius achieving better query performance. Also, it uses a
faster splitting algorithm improving the construction performance.

The DBM-Tree [27] is an unbalanced tree. It uses higher sub-trees to cover more dense areas
in the metric space, and shorter sub-trees to cover areas where there are fewer objects. This
improves performance by minimizing overlap of the covering radius, thus avoiding node access
(=disk page requests).

3. Applying M-Trees to textual fields in XML databases

In this section we present some experiments to evaluate metric trees applied to XML
databases. We have used an M-Tree as the metric access method. As distance functions we
have used the edit distance [17] and n-grams [6] (actually n-grams is a similarity function so it
has been adapted to a distance function).

We have used real data sources for our experiments: citations from BibTeX files. The data
originated from The Collection of Computer Science Bibliographies (http://dblp.unitrier.
de/xml/) and from BibTeX files from members of UFRGS Database Group (http://metropole.

http://dblp.unitrier.de/xml/
http://dblp.unitrier.de/xml/
http://metropole.inf.ufrgs.br/DBGroup/
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Figure 4: Block size comparison for the <LAST> field.

inf.ufrgs.br/DBGroup/) totalizing more than 16.000 citation entries. In the first source, the
files used were the following: ACM/SIGMOD, Information Systems, Bibliography on database
systems, Bibliography on Semistructured Data, VLDB journal, VLDB Conference and ACM
Transactions on Information Systems. As the sources are originally in BibTeX format, we have
converted them to XML using bib2XML (http://www.cs.duke.edu/sprenkle/bibtex2html/).
The XML files can be found at http://metropole.inf.ufrgs.br/~dorneles/xml bibsources.

In the experiments we have used a subset of 200, 500 and 1000 objects of this data repository.
Each XML document represents a publication, and contains information about the author, title,
year, etc.

To measure the distance, Levenshtein (edit distance) and n-grams functions have been used.
On the presented experiments, the dataset was indexed by the title of the paper, represented
by the <TITLE> field and the last name of the author, represented by the <LAST> field (each of
them with its own index).

To evaluate the performance of the indexes, 14 range queries have been run. For each query
the radius (distance) varies from 0.0 to 1.0 in a 0.1 scale (0.0, 0.1, 0.2. . . 1.0). Therefore, 154
queries have been run for each evaluated index. The average costs of those 14 queries for each
radius are plotted in the charts we provide here. We have evaluated the IO cost (i.e. the number
of page requests) and the CPU cost (number of distance calculations).

Figure 4 shows the different costs when querying trees of 512 Bytes, 1024 Bytes and 4096
Bytes of disk page size. Those three trees are indexing the last name text field.

Increasing the page size, the IO cost is reduced, because with an increased page size it is
possible to store more objects per page. Hence, less pages are required to store all the objects
in the dataset leading to a lower IO cost for the query.

CPU costs tend to follow the IO costs. Nevertheless, that not necessarily applies to every
query. CPU cost is given by the number of distance calculations that have to be computed for
each object inside the node. Therefore, it is not the amount of nodes (disk pages) but the total
number of objects in those nodes that have to be compared to the query object that determines
the CPU cost. A greater number of nodes would probably indicate a greater number of objects,
but not necessarily, because the node “density” has also to be considered. For instance, the CPU
cost for querying a tree with twenty nodes that stores two objects per node is lower than the
CPU cost for querying a tree with three nodes that stores fifty objects each. For that reason,
the CPU curve tends to follow the IO curve, but not always do.

http://metropole.inf.ufrgs.br/DBGroup/
http://metropole.inf.ufrgs.br/DBGroup/
http://www.cs.duke.edu/ sprenkle/bibtex2html/
http://metropole.inf.ufrgs.br/~dorneles/xml
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Figure 5: Number of objects comparison for the <TITLE> field.

Figure 5 compares trees indexing the <TITLE> field, focusing on the performance difference
of trees indexing different amount of objects. We can notice that IO and CPU costs have a linear
increase regarding the amount of objects indexed. This means that it is possible to increase the
dataset being indexed without having a huge performance decrease, as expected for M-Trees.

Observing the trees generated over the XML databases, we could notice that the objects were
not well grouped. Some nodes had a very low occupation ratio. In addition, some representatives
presented a radius=1, which means that this representative’s node will always be accessed. The
value one(1) is the greatest possible distance between two objects using the distance calculation
we did. When a representative has a radius=1, this means that this representative could be
covering any object, therefore, any query would have to access its node. Therefore, query
performance is decreased due to excessive access to the nodes.

4. Twisting the Metric Space

Consider that the objects in the space have a different distribution and that the tree in this
space is better grouped, i.e. does not present the problem mentioned above. Such a tree would
lead to lower query costs.

As we have mentioned earlier, the objects distribution in the space depends on the objects
themselves and on the distance function used in the metric space. It is not possible to change
the objects of the space, but it is possible to change the distance function, so that it leads to a
space more suited for grouping the objects.

Therefore, applying a twisting function t over the distance function d twists the metric space
(O, d) and may lead to a more suitable space. We will refer to this new space as twisted space
(O, t(d)) and the tree that accesses this space as the TM-Tree (Twisted and Metric Tree). In
this new space, the objects are re-arranged so that they can be more adequately grouped.

An example of a twisting function could be the division of each distance by a constant value.
However, this is not a good twisting function, because it would cause an uniform approximation
of every object, and the undesired distribution of the objects would be the same.

An effective twisting function is, for example, y = x2 (other twisting functions are presented
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in Section 5). This function brings every object closer to each other (the x value is between
zero(0) and one(1)). However, objects get closer to each other in a different ratio, depending on
their distance on the metric space (see Figure 6). This is important because that is what causes
the space to change significantly.

We also would like to point out that the distances in the twisted space are relative to each
reference object. In the example of Figure 6, if object A is the reference, then the distance
between object C and D would be 0.09 − 0.04 = 0.05. In spite of that, if object D is the
reference, the distance between object C and D would be 0.01, since the distance between them
in the metric space is 0.1 ((0.1)2 = 0.01). Therefore, each object in this twisted space “sees”
every other object getting closer toward itself.

4.1. Triangle Inequality Problem

The change on the distance between the objects depending on the reference causes a serious
problem. In the M-Tree, there is a radius assigned to each representative. Any object that is in
the representative’s sub-tree, should be covered by this radius, meaning that the distance between
the representative and the objects in its sub-tree should not be greater than the representative
radius.

However, this applies to the twisted space only if the representative is the reference. Despite
that, when the M-Tree is being queried, the reference is the query object and not the repre-
sentative. Therefore, it would be possible that an object is outside the representative radius
boundaries if the reference is the query object, but inside if the reference is the representative.
Figure 7 points this situation out. Object P is the representative, O is an object inside P ’s
radius, and Q is the query object. Suppose that O is in P ’s sub-tree. Figure 7(a) shows the
metric space. Object O is covered by Q’s radius thus being retrieved through the representa-
tive P . If this space is twisted applying the y = x2 function, the resulting space is shown in
Figure 7(b) considering P as the reference. Object O is not covered by Q’s radius anymore,
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thus, in this space, O should not be retrieved by Q. Despite that, in Figure 7(c), where Q is
the reference, object O should be retrieved by Q and should not be in object P ’s sub-tree. This
means that if object Q were being queried or any object at 0.01 from Q, R’s sub-tree would not
have been accessed, thus object O would not have been retrieved even though it respects the
query’s criteria because when the tree is being created, the references for the twisted space are
the representatives.

This problem occurs because when the function y = x2 is applied to the distances, the triangle
inequality does not apply anymore. For instance, 0.1 + 0.2 ≥ 0.3. Although, (0.1)2 + (0.2)2(=
0.05) is less than (0.3)2(= 0.09). This means that the twisted space is not a metric space.

To solve this problem, the radius from the twisted space is used just to create the tree. When
querying the tree, the radius from the metric space is used instead, which is also calculated when
constructing the tree. Therefore, the objects have a better grouping because the space is twisted
disposing the objects in a more suitable way for grouping them. In the other hand, the triangle
inequality problem does not occur because we are using the distances from the metric space
when querying. Therefore, both spaces, metric and twisted are used as shown in Figure 8.
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Figure 10: Performance comparison of the standard metric tree and the TM-Trees, indexing the
<TITLE> field, using n-grams distance.

5. Twisted Space Experiments

Figure 9: Plotting of the
twisting functions used.

To evaluate TM-Trees, we made some experiments, showing
the improvements TM-Trees achieve when the objects distri-
bution in the metric space is not suited for grouping. Several
trees were constructed using several twisting functions. A 200-
object XML dataset was indexed by the <TITLE> field, using
4096 Bytes of disk page, and range queries were performed on
them. The distance function used is n-grams. In this paper, we
will compare only these twisting functions:

Hyperbolic arctangent: atanh(x) = 1
2 · ln(1+x

1−x)
power2: x2

power30: x30

divX: −1
x−1 − 1

powerX: 4x − 1
Figure 9 is a plotting of those functions. All those functions

causes a varying deformation of the linear curve depending on the radius size. It is important to
twist the space non-uniformly, so that the objects have their distribution considerably modified.

Figure 10 shows the performance comparison between the regular metric tree (linear function)
and the trees using those function to twist the metric space concerning IO and CPU costs. The
<TITLE> field was indexed using n-grams distance function. It is restricted to a 0.6 radius to
show more clearly the comparison, because of scale issues. Function powerX drastically looses
performance for greater query radius. However that is not a problem since usually a query would
not have a radius greater than 0.4 (60% similarity).

Figure 11 points the same comparison for the edit distance function. The performance
improvement is not as much intense because objects distribution in this metric space was not
so bad. As the graph shows, the metric space using edit distance achieves a much better
performance than the metric space using n-grams. Thus, the improvement of twisting the space
is not so high.

Constructing the metric tree over a twisted space resulted in better performance than the
regular metric tree construction.
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Figure 11: Performance comparison of the standard metric tree and the TM-Trees, indexing the
<TITLE> field, using edit distance.

Figure 12 provides a comparison of the indexes’ volume (amount of nodes). All function
except powerX generated smaller trees than the linear function (regular metric tree). When
querying with a radius=1, it is necessary to access all tree nodes. This is the reason for the
function powerX having a poor performance for greater radius. However, for smaller radius
(that is the most usual case), this function outperformed almost all the others.

6. Conclusions and Future Work

M-Tree’s performance is highly dependent on the metric space it is indexing. If the metric
space arranges its objects so that they are appropriately distributed for grouping, the perfor-
mance of the M-Tree is very good. However, if the objects are not well distributed, query
performance can be poor.

We propose to twist the metric space introducing the TM-Tree, when the space is not ade-
quate for the M-Tree, to re-arrange the objects in a twisted space where the objects can be more
easily grouped, leading to a better query performance.

As we have pointed out, although this twisted space is better for indexing the objects, it does
not work for querying, because twisted spaces may not respect the triangle inequality. Therefore,
it is necessary to use the metric space to query, and the twisted space to index the objects.

We are interested in applying this technique to the Slim-Tree [25] and verify if its perfor-
mance is also improved by the twisted space. Slim-Trees are metric trees similar to the M-Tree.
Nevertheless, they enhance the tree structure avoiding intersection of the covered space of the
representatives and has a more efficient algorithm for choosing the representatives. Probably,
the twisted space would have a lower enhancing effect in this tree.

The DBM-Tree [27] approaches the same problem of unsuited metric space creating an
unbalanced tree that has higher sub-trees to cover denser regions of the space. We are interested
in comparing these two techniques and verify if they can be improved if joined.

We would like to investigate if it is possible to find and ideal twisting function given a metric
space, automatically generating twisting functions based on the objects distribution.
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