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Abstract

Nowadays, with the explosion of digital information availability, the need for fast methods to
store, organize and quickly access that information has become an important issue. Written content
does no longer appear to the consumer exclusively as physical books and magazines. The existence
of a myriad of new devices like Personal Digital Assistants, laptops, tablet pc’s, among others, and
the concomitant access to the internet, have made a multitudinous number of contents available to
every user. The task of manually search or compare this books can be long and painful. Moreover,
to quantify the similarity between some books and rank them accordingly, is rather impractical.
Systems using keyword matching (also known as boolean) are widely used but are only practical for
small documents, although good results can be achieved with more complex systems. Motivated by
the results in content-based image retrieval [36], this work consists on experiments to assess whether
or not the hierarchical linear subspace method, used with images, works as well with books. The
benefits of this method rely not only in its simplicity when compared to other solutions, but also on
the good results shown with image retrieval. The major novelty of this work regards the usage of
a new method (the hierarchical linear subspace method) to solve the books retrieval problem, while
using the existing vector-space model to represent the collection of books in an high-dimensional
vector-space. To evaluate the viability of this method regarding books retrieval, several tests were
carried out to attest the quality of the results, and of course, the performance.

Keywords: Hierarchical linear subspace method; list matching method; vector-space; books.

1 Introduction

The exponential growth of digital information has increased the need for an automated method to
store, organize and quickly access that information. For instance, written contents are no longer brought
to us exclusively by books and magazines, as it was for a long time. Nowadays, one has access to a myriad
of new systems, like several types of personal digital assistants (PDA), laptops, tablet pc’s, among others,
and most of them can easily access the internet, widening the amount of collections of contents available,
like e-books, magazines or articles.

The search of written content is still greatly dependent on key word matching, with some operators
(boolean operators such as AND, OR and NOT) which allow to perform more complex and accurate
requests (queries). Since this method relies on the presence or absence of each key word, the queries
have to traverse all documents (e.g. books, articles or magazines) in the collection, making the retrieval
time, consequently, dependent on their size. Although this method is still practical for quick and simple
searches, some necessities have been arising in order to improve the quality of the retrieved results as
well as the retrieval time.

Among the performance issues that usually lead to the improvement of any technic (in this case, the
retrieval of textual data in large collections), the need to perform queries using an example books or to
retrieve books similar to the given query, emerged not only as interesting but also as absolutely essential
features.

In order to address this issue, a model has been created, and its basis consists of representing the
data objects (can be textual or visual data, for instance) in a vector-space, hence the name vector-space
model. This model adds new important features to this field, however, for larger documents, such as
books, it becomes impractical to perform queries in a reasonable library, e.g. one thousand books, since
the dimension of the space becomes very large, as the reader will see further.

During this work, several systems were studied to get a better understanding of what could be achieved
with current methods. The objective of this work is to improve the extremely expensive linear search
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method1, however none of the systems seemed to present good results, particularly when dealing with
larger books’ collections. Nevertheless, some of the studied systems presented good results, using semantic
interpretation, neural networks, statistic inference or complex heuristics. The ones that presented the
best results were the expert systems, but they were subject dependent (vide [35], [38], [32], [28], [6]). The
objective was to find a simple method that could effectively dismiss false candidates and find the most
similar books to the query. By simple was meant that it would not require complex, and computationally
expensive methods, like semantic interpretation or subject dependent heuristics and expert systems.

There was one system described in [36], which presented an innovative indexing method for large
collections, in the field of content-based image retrieval. This indexing method, called hierarchical linear
subspace method, motivated the development of the Hierarchical Retrieval, a system to test the application
of this groundbreaking method to books retrieval. This system uses the vector-space method to represent
the books, assigning an importance measure to each of its words. Then, using the hierarchical linear
subspace method, a hierarchy of spaces is created to gradually eliminate the false hits to the query.

Further, the reader shall see in more detail that this method makes use of the dimension of the lowest
spaces in the hierarchy, to achieve computational savings when comparing the query book against the
books in the collection.

The hierarchy just mentioned represents the basis for our query engine, which will allow to retrieve
the the top important terms/words of the collection, or a list of books representing the most similar books
to the query. The later can use either the hierarchical linear subspace method or the linear search method.
Implementing this two methods was crucial to compare them since the main objective of this work is to
prove whether or not the hierarchical linear subspace method is faster then the linear search method, in
books retrieval.

The work developed in Content Based Image Retrieval [36] motivated the experiments described in
this work. In the image context, this method has proven to overcome the high dimensionality issue, and
provide excellent retrieval results. The advantage of having such a system for book retrieval, either in
local collections or in the internet, is thought to be rather promising, motivating the experiments carried
out in this work.

2 Related Work

Trying to find a specific document or book given a certain topic or subject, has been a real problem,
perhaps since libraries exist. With the increasing amount of stored information, it has become a serious
problem to face, and led to the creation of a myriad of indexing methods, such as to alphabetically order
the books in an library, having an index built by alphabet letter and topic. Given that nowadays, one
has an enormous amount of digital information arbitrarily deployed, information retrieval emerged not
only as a necessity, but also as a science to efficiently manage and search digital content.

The definition of information retrieval proposed by Manning [27] (IR) (also vide [33]) is ”finding
material (usually documents) of an unstructured nature2 (usually text) that satisfies an information need
from within large collections (usually on local computer servers or on the internet).” Nowadays, there is
an everyday use of information retrieval by means of search engines or emails.

A simple approach for selecting documents according to some criteria is, given a set of keywords and
operators, find the documents in a collection which contain all or one of the keywords (depending on
which operator is used in the request; the former would use an AND, as the later would use an OR).
Although the boolean model is widely applied, it has an important limitation: it does not allow requests
such as find documents like this one, because it is based in an exact retrieval method (either the word is
present in a document, or not). In order to overcome this problem, one started to assign weights (like
an importance measure) to each term/word in a document, and then represent each document in the
collection as a vector, having the term weights as its components. Hence, the collection of documents
could now be represented in a vector-space with as many dimensions as the number of different terms
in all the documents. Having the collection represented in a vector-space, one should now have a way
to compare the documents, preferentially one that ranks the similarity between documents. To this end,
one can use the Euclidean distance between two vector representations of documents, or a similarity
measure called cosine similarity. Now that the documents are in the vector-space and there is a method
to compare them, it is possible to answer the previously mentioned request: find documents like this
one. A threshold number, k, of results is defined and the answer contains the k documents that are most

1This method corresponds to the regular comparison between every data element without previous elimination of false
hits. It is all known as list matching.

2Here, unstructured, meaning a semantically not understandable structure for a computer.
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similar to the query document, according to the chosen similarity measure. Recall that the number of
dimensions corresponds to the number of different terms in all the collection. For a reasonably sized
collection, one can have 50.000 dimensions for instance, which is quite a large number. In order to
compute the similarity function between a query document and all collection’s documents is quite an
expensive operation, which is not practical for large (common/usual) collections. A new problem arises:
how to speed up the query processing? A possible solution to this issue is the dimensionality reduction,
through which the dimension of the vector-space is reduced to achieve computational savings. There are
several methods to accomplish this goal and there are going to be explained some of them, giving special
attention to the most efficient, the random projection method.

2.1 Dimensionality Reduction

The idea behind reducing the dimension of the space is to speed up the selection of the k most relevant
documents for a given query, consequently reducing the cosine computations. A statistically optimal way
to reduce the dimension of the space is to project the data onto a lower-dimension orthogonal subspace
that reflects the original data distribution in the space, as reliably as possible. The principal component
analysis (PCA), in spite of being widely used, is extremely expensive for high-dimensional data.

With little distortion [8] of the actual relation between data elements, the random projection method
(RP) makes use of randomly generated matrices in order to project the original high-dimensional space,
to a lower-dimensional one.

Random Projection Method The idea of random projection is to project the m-dimensional collec-
tion onto a k -dimensional subspace (k << m) through the origin, using a k×m matrix R whose columns
have unit lengths. Given that Xm×n (n is the number of documents in the collection) is the matrix
corresponding to the original collection in the m-dimensional space XRP

m×n = Rk×mXm×n, represents the
projection of the collection onto the k -dimensional subspace. The central idea of this method is based on
the Johnson-Lindenstrauss lemma [21]: if points in a vector-space are projected onto a randomly selected
subspace of suitably high dimension, then the distances between the points are approximately preserved.
A simple proof can be found in [10], [14].

According to [29], random projection is computationally simple: generating the random matrix R and
projecting the original vector-space m×n matrix X into k dimensions can be achieved in O(mkn), and if
the X matrix is sparse, considering c nonzero entries per column, the complexity is O(ckn). For a more
detailed information vide [27], [10], [15], [3], [2], [5], [9], [20], [22], [23], [24], [34], [12], [13], [19], [25]. The
detailed algorithm can be found in [8].

To be more precise, the projection equation presented earlier is actually not a projection, since R
is generally not orthogonal. Such a linear mapping can cause significant distortions in the data if R is
not orthogonal, however orthogonalizing R is extremely expensive in terms of computational resources.
Nevertheless, we can rely on a result presented by Hecht-Nielsen [18]: in a high dimensional space,
there exists a much larger number of almost orthogonal than orthogonal directions. Thus vectors having
random directions might be sufficiently close to orthogonal, and equivalently RT R would approximate
an identity matrix. According to experiments in [8], the mean squared difference between RT R and an
identity matrix is approximately 1/k per element. As seen earlier, text documents are usually compared
using the cosine of the angle between the vector representations of those documents3. If two document
vectors are normalized, this corresponds to the inner product of those vectors. Now, let us assume we
use the Euclidean distance to compare two document vectors, x1 and x2, and that their diference is
represented by ||x1−x2||. When the random projection is applied, this distance can be approximated by
the scaled Euclidean distance of the vectors in the lower dimensional space

√
m/k||Rx1−Rx2||, where m

and k correspond to the dimensions of the original and subspace, respectively. The scaling term
√

m/k
takes into account the decrease in the dimensionality of the represented data. As we can see in the
Johnson-Lindenstrauss lemma [21], the expected norm of a projection of a unit vector onto a random
subspace through the origin is

√
k/m.

One of the crucial points of the random projection method is the choice of the random matrix R.
Usually, the elements ri,j of the matrix obey a Gaussian distribution, however Achlioptas [1] proposed a
simple distribution that can result in further computational savings.

Alternatives Three other common methods to accomplish dimensionality reduction are the principal
component analysis (PCA), singular value decomposition (SVD) and latent semantic indexing (LSI).

3Cosine similarity
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Detailed information about each of them concerning the dimensionality reduction issues can be found
in [8], [30], [31], [16], [7], [29], [11].

Some other systems for vector-space retrieval and dimensionality reduction exist and must be refer-
enced, although their description falls of the scope of this work. For a detailed information about those
systems vide [35], [38], [32], [28], [6].

2.2 Conclusion

The vector representation of a document consists on a major breakthrough, which makes it possible
to perform queries like ”find documents near/like” a given query document (query by example). This
is done using the cosine similarity method. Since the computation of the similarities between the query
document and all the corpus’ documents is quite expensive, one reduces the dimension of the vector-space
where the documents are represented, in order to reduce the number of calculations.

We conclude that the random projection is a good alternative to traditional, statistically optimal meth-
ods of dimensionality reduction that are computationally infeasible for high dimensional data. Random
projection does not suffer from the curse of dimensionality , quite contrary to the traditional methods.
Nevertheless, this method presents a significant number of false dismissals and a lack of precision in exact
queries as a result of the almost orthogonal random selection of the dimensions to consider.

3 Theoretical Fundaments

3.1 Vector-Space Model

In the perspective of making books retrieval feasible for large collections, overcoming the impracti-
cal performances of linear list matching, the HIerarchical Retrieval system was created to assess the
application of an innovative indexing method, the hierarchical linear subspace method, to books retrieval.

In order to represent the collection of books, the vector-space model was used. First of all, one must
choose the books which will form the collection. After the collection is gathered, the representation phase
starts by tokenizing the books and creating a list of all different words in the collection. The approach
taken in this system does not involve any linguistic preprocessing, word normalization or semantic inter-
pretation. For instance, words like jealous and jealousy are considered as completely different. This list
of words or terms is then organized in a dictionary + postings manner.

We now have a list of all different terms in the dictionary, and their respective frequency concerning
each of the books they appear in (this information is given by the postings). The next step is to assign
a score to each term in each of the books it appears in. This will then allow the vector representation
of each document, since each of these scores/weights will correspond to each of the coordinates of the
document vector.

There are two main aspects to consider when assigning a importance/relevance measure to a term
and they are the importance of the term concerning the book it appears in, and the importance of the
term concerning the all collection. The former can be achieved by modulating the term frequency (the
number of occurrences of the term) with the following equation which avoids an exaggerated growth of
the frequency function through the logarithmic function:

wft,d =
{

1 + log(tft,d) if tft,d > 0
0 otherwise (1)

The later is represented by the inverse document frequency measure given by the following equation:

idft = log
N

dft
(2)

Here, N corresponds to the number of books in the collection and dft is the number of documents in
which the term t can be found.

Combining these two measures, we get the wf -idft,d weighting measure defined by:

wf -idft,d = wft,d × idft,d (3)

which takes into account the two previously mentioned aspects of a term’s importance. The values
computed by this equation will correspond to the importance of a certain term in a book, also concerning
all the collection. In the vector-space model, each of these values correspond to a coordinate of the vector
representation of a certain book.
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Similarity Measure One compelling reason to represent books in a vector-space is to handle queries
as vectors, addressing the query by example problem, converting the query book into the collection’s
vector-space and comparing it with the other books.

The comparison process aims to quantify how different two given books are, in other words, since we
are dealing with their vector representation, we want to know how far they are from each other. This
distance can be obtained through the magnitude of the difference between the two vectors, however,
bigger books will always be similar to each other by virtue of length instead of topic.

In order to eliminate relative size of the vectors/books, they are all normalized to length one. As a
consequence, the similarity measure is based on the angle between the vectors, allowing the distance
between the books to computed through the euclidean distance.

The Euclidean distance or Euclidean metric is the ”ordinary” distance between two points that one
would measure with a ruler, which can be proven by repeated application of the Pythagorean theorem.
The Euclidean distance between points P = (p1, p2, ..., pn) and Q = (1, q2, ..., qn), in an euclidean
n-dimensional space, is defined as:

√
(p1 − q1)2 + (p2 − q2)2 + ... + (pn − qn)2 =

√√√√ n∑
i=1

(pi − qi)2 (4)

We now have a representation of the books’ collection which allows query by example, although the
comparison in these high dimensional spaces through linear search is too expensive. The idea is to have
an idexing method which quickly eliminates a significant amount of false candidates and leaves the high
dimensional comparisons to few left false hits.

3.2 Hierarchical Linear Subspace Indexing Method

The hierarchical linear subspace indexing method [36] arises as an extension of the GEMINI method
(vide [37]). The later is based in the Lower Bounding Lemma which states that if the distance of similar
objects in the original space is smaller or equal to ε, then it is also smaller or equal to ε in the feature
space:

dfeature(F (O1), F (O2)) ≤ d(O1, O2) ≤ ε (5)

In the hierarchical linear subspace indexing method, V is an m-dimensional vector-space and F () is a linear
mapping that obeys the lower bounding lemma from the vector-space V into an f-dimensional subspace
U. The extended lower bounding lemma, in which this method is based, is stated in [36] as follows:

Let O1 and O2 be two objects and F () the mapping of the objects into an f -dimensional subspace U.
F () should satisfy the following formula for all objects, where d() is a distance function in the space V
and dU in the subspace U:

dU (F (O1), F (O2)) ≤ d(F (O1), F (O2)) ≤ d(O1, O2) (6)

The linear subspace sequence corresponds to a sequence of subspaces where V = U0, and for every space
U0, U1, U2, ..., Un:

• U0 ⊃ U1 ⊃ U2 ⊃ ... ⊃ Un

• dim(U0) > dim(U1) > dim(U2) > ... > dim(Un)

• and for the extended lower bounding lemma d(Un(x1), Un(x2)) ≤ ... ≤ d(U2(x1), U2(x2)) ≤ d(U1(x1), U1(x2)) ≤
d(U0(x1), U0(x2)).

3.2.1 Orthogonal Projection

In order to produce a linear subspace sequence, the original space has to be subsequently projected.
In this section, it will be presented the projection method used in this thesis (and also proposed in [36])
to create the subspaces in sequence.
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If the underlying vector-space is endowed with an inner product, orthogonality and its attendant notions
(such as the self-adjointness of a linear operator) become available. An orthogonal projection operator in
R2 or R3 is any operator that maps each vector into its orthogonal projection on a line or plane through
the origin [4]. In figure 1 from [36], the reader has a simple example of the projection method used in
this thesis to create the subspaces. Note that in practice the dimensions are much higher, however, the
process is exactly the same.

Figure 1: For example, the orthogonal projection of points ~x = (x1, x2) ∈ R2 on the bisecting line
U = {(x1, x2) ∈ R2|x1 = x2} = {(x1, x1) = R1} corresponds to the mean value of the projected points.
~a = (2, 4) is mapped into P (~a) = 3, and ~b = (7, 5) into P (~b) = 6.

In fact, the distance d between the projected points in Rm corresponds to the distance dU in the
orthogonal subspace U , with dimension f , multiplied by a constant (proof in [36]):

c =
√

m

f
(7)

3.2.2 Defining the Best Hierarchy

The reader might already asked himself how the best hierarchy can be found. It will be briefly described
how this value is determined and the images case will be used to help the description. In fact, the
number of subspaces depends not only on the number of elements but also on the threshold distance ε.
It represents the maximum distance an object can be from the query to be considered a possible result.
As a consequence, it also determines the maximum number of results that can be retrieved. To estimate
ε and its dependency on the number of retrieved images, a mean sequence of retrieved images is defined
which describes the characteristics of an image database.

In Figure 2 taken from [36], the four crescent curves correspond to each of the spaces in the hierarchy,
and the straight horizontal line represents an estimate of ε. The idea is to find a line which intersects all
curves in such a way that, the intersection with the highest curve (line 1) corresponds to a sufficiently
high distance to retrieve a significant amount of images, and the intersection with the lowest curve (line
4) is sufficiently low to eliminate as many false hits as it is possible in the lowest dimension subspace.
The formal description of this method can be found in [36].

4 Experiments

Objectives These tests were intended to evaluate the hierarchical linear subspace method’s as a speed
up in what concerns to books retrieval. To this end, an evaluation study was conceived with the objectives
of evaluate the correctness/quality of the model’s application to books using an element of the collection
as a query, i.e. given a query book from the collection, the presented results’ list should correspond to the
query book in the first place with distance zero, and all the other books in decreasing order of similarity.
In order to test the correctness of the hierarchical linear subspace method’s application to books, a small
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Figure 2: Example of characteristics plotting for an images database. The horizontal axis represents the
number of images and the vertical axis corresponds to the distance.

collection from known authors was selected from Project Gutenberg [17]. The other objective consisted in
assessing if the hierarchical linear subspace method, when applied to books, represented a breakthrough
in terms of performance when compared to the linear search method, just as in the content-based image
retrieval field [36]. These experiments it were carried out in an iMac 2.8 GHz Intel Core 2 Duo, with 2
GB of RAM memory, running Mac OS X 10.5.4.

4.1 Quality

The purpose of this test was the correctness of the model, in other words, if the similarity measure used
to compare the books had the desired semantic meaning. This semantic meaning refers to all explicit and
implicit aspects of a textual document that characterizes it, which can go from the subject or author, to
the writing style in what concerns to the vocabulary used4.

In order to perform these testings, some known authors were selected and form each of them, some
books were selected (some of them were known, others not). The authors of the 76 selected books are
Jane Austen, Friedrich Nietzsche, William Shakespeare and Sir Arthur Conan Doyle.

Several queries were performed in order to see whether or not the retrieved books were actually the
most similar. By observation of the results of the queries, one could notice that not only the most similar
books were from the same author, but also, they fell under the same genre (detective for the queryThe
Hound of the Baskervilles; love/drama for Pride and Prejudice, for instance). Hence, one can conclude
that the model is correct, that is, the expected books are returned and so the similarity measure is correct.

4.2 Performance

After attesting the quality of the Hierarchical Retrieval, one must now evaluate its performance. The
idea is to compare the time and number of operations of the list matching method and the hierarchical
linear subspace method, and see if the latter represents a speed up when compared to the latter. The
collection used to test the performance of the system was a random selection from the Project Gutenberg
DVD: The July 2006 Special. As the reader shall see, in each of the testing scenarios a subset of this
collection was used.

4.2.1 List Matching

The currently known method for retrieving high dimensional data is the list matching method, which
consists on sequentially compare the query with all the high dimensional data objects. In the Hierarchical
Retrieval system this method was also implemented, in order to have a more accurate comparison. To
this end, two collections of books were selected to register the retrieval performance with this method:

• the collection of books used in the quality testing;

4Note that this only refers to the different words used in the document, since their order is irrelevant as the vector
representation does not take that in consideration.
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• a subset of 500 books randomly selected from the 1000 books collection.

Query Book Time Number of operations
The Tragedy of Antony and Cleopatra 35s 76
The Antichist 35s 76
The Hound of the Baskervilles 31s 76
The Adventure of the Dying Detective 15s 76
His Last Bow 10s 76
Pride and Prejudice 58s 76
The Return of Sherlock Holmes 58s 76
The Tragedy of Romeo and Juliet 16s 76
Sense and Sensibility 46s 76
Thus Spake Zarathustra 45s 76
Mean Value 34.9 s 76
Standard Deviation 17.2591 s 0

Table 1: This table shows for each query book, the time and number of operations taken with the list
matching method and the 76 books collection.

Query Book Time Number of operations
Loues Labour’s lost 33s 500
The Argonautica 59s 500
Detective Stories from Real Life 58s 500
Julius Caesar 25s 500
The Ethics 29s 500
The Diary of a U-boat Commander 49s 500
The Reconciliation of Races and Religions 42s 500
The Analysis of Mind 61s 500
The Burgess Animal Book for Children 58s 500
I and My Chimney 18s 500
Mean Value 43.2 s 500
Standard Deviation 16.0264 s 0

Table 2: This table shows for each query book, the time and number of operations taken with the list
matching method and the 500 books collection.

To perform the queries, two testing query sets were randomly selected from each of the collections.
Table 1 shows the time and number operations of the results of the queries to the small collection, and
their respective mean value and standard deviation. As expected, the number of operations remains
constant for all queries, since the list matching method compares all elements in the collection in the
high dimensional space, hence the number of operations (76) corresponds to the number of books in
the collection. In Table 2 are listed the results of the queries in the larger collection. As one can see,
in this case the number of operations (500) is also constant and equal o the number of books in the
collection, meaning the same number of books is compared in all the queries. Just as before, all books in
the collection are compared with the query since the same method is used.

4.2.2 Speed Up

For a small collection with not a very high dimension (in the queries made before the dimension was
10000) the required time to perform a query is not exaggerated. However, if one is dealing with bigger
collections (with more than 1000 books, where the dimension easily reaches 50000 or 60000), the cost of
the number of operations reflects itself in the time taken to perform a query. In order to overcome the
high dimensionality problem, the Hierarchical Retrieval creates a hierarchy of spaces and uses the lower
dimensional spaces to gradually eliminate false candidates.

Let us now see how the hierarchical subspace method behaves with this collections. In Table 3 is
shown the performance values for the small collection. Since there are five spaces in the hierarchy, the
number of operations (380) corresponds to the number of books (76) multiplied by the number of spaces.
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This means that for every space in the hierarchy, the query is compared against all the collection, hence
the false hits were not excluded in the lowest dimensional space.

Table 3 shows the results of this test for the larger collection. Exactly as before, there are five spaces
in the hierarchy that result in the 2500 operations, reflecting the comparisons with the all 500 books in
the different spaces of the hierarchy. Again, this is a consequence of not discarding the false hits in the
lowest dimensional spaces.

Query Book Time Number of operations
The Tragedy of Antony and Cleopatra 51s 380
The Antichist 51s 380
The Hound of the Baskervilles 48s 380
The Adventure of the Dying Detective 33s 380
His Last Bow 16s 380
Pride and Prejudice 77s 380
The Return of Sherlock Holmes 77s 380
The Tragedy of Romeo and Juliet 29s 380
Sense and Sensibility 77s 380
Thus Spake Zarathustra 75s 380
Mean Value 53.4 s 380
Standard Deviation 22.5792 s 0

Table 3: This table shows for each query book, the time and number of operations taken with the
hierarchical subspace method and the 76 books collection.

Query Book Time Number of operations
Loues Labour’s lost 39s 2500
The Argonautica 65s 2500
Detective Stories from Real Life 71s 2500
Julius Caesar 38s 2500
The Ethics 40s 2500
The Diary of a U-boat Commander 71s 2500
The Reconciliation of Races and Religions 54s 2500
The Analysis of Mind 85s 2500
The Burgess Animal Book for Children 72s 2500
I and My Chimney 31s 2500
Mean Value 56.6 s 2500
Standard Deviation 18.6261 s 0

Table 4: This table shows for each query book, the time and number of operations taken with the
hierarchical subspace method and the 500 books collection.

Although the differences between the query times are not exaggerated (due to the fact that the
dimension of the original space is not very high in relation to the computer’s capacity), the number
of operations transmit an accurate cost in the worst case scenario, which reveals that no false hits are
discarded in the lowest dimensional spaces. As so, it will now be presented a proof of this fact by analyzing
the characteristics plotting.

As an example of the characteristics plotting, Figure 3 presents the final experiments to estimate
ε. In both graphics, just as described before for pictures in the theoretical chapter, the vertical axis
represents the distances and the horizontal axis corresponds to the number of books. This test was
performed using 500 books, represented in a 10000 dimensions vector-space and a hierarchy with five
elements/vector-spaces. In the first graphic the original space is normalized whereas the left one is not.

In order to estimate ε and choose the best hierarchy, one must find an horizontal line which intersects
the characteristics curves as shown in the image retrieval example 2. As the reader can see in the graphics
from the documents’ experiments none of them permits the definition of such a line. This leads to the
idea that the space is too sparse, a theory supported by the fact that the characteristics graphic, a
representation of the distribution of the objects in the space, is not represented by a smooth curve. Also
the same fact was stated by Magalhães and Ruger in [26].
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Figure 3: Characteristics plotting for a 500 books normalized and not normalized collection.

5 Conclusion

Motivated by the need of a fast indexing method, capable of outrunning the simple list matching search
method, this work was driven in order to apply the hierarchical linear subspace method to books retrieval.

After reviewing the document indexing problem, and analyzing the evolution of today’s models, we
were able to establish a list of issues that arise as consequences of the current methods’ limitations.
Therefore, the Hierarchical Retrieval system was developed, using the vector-space model to represent
the collection of books. It is important to notice that this system does not correspond to a commercial
application, but can be thought as a laboratory to experiment this model. Then, over this representation
the hierarchical linear subspace method was used to index the documents and create a hierarchy of
subspaces. Just as with the content-based image retrieval [36] case, this hierarchy is used to gradually
eliminate the false candidates when a query is performed to the books’ collection.

Once the system was complete, the two main aspects that were tested were the quality of the results
and the performance of the system. In the quality of the results, it was easy to observe that the Hier-
archical Retrieval actually gave the expected books as answer to the test queries. By observation, one
concluded that the results were given in order of importance, with significant semantic meaning.

In what concerns to the performance tests, the reader could observe that with the hierarchical linear
subspace method the retrieval had no improving. Actually, in terms of number of operations/comparisons
it was worse than the list matching method, since it had to compare the query book with all the books
of the collection.

After analyzing the characteristics of the collection (that is, the distribution of the documents in the
spaces) in the several testing scenarios, we concluded that the hierarchical linear subspace method cannot
be used with the orthogonal projection method. As sustained in the experiments, this is a consequence
of the fact that a vector-space representing textual data is too sparse [26]. As a possible solution to
the fact of the space being too sparse, the use of an alternative projection method arose as plausible.
A possible alternative is the Principal Components Analysis, which was referred when structuring the
problem. Although a new path was not discovered with this work, some new ones arose as plausible
hypothesis, leaving this speed up as an open question.
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