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1 Introduction

The development of mobile devices is very fast in the last years: mobile phones and
PDAs have more-and-more processing power and storage capacity which leads to a rapidly
increasing number of applications. Nowadays it is not unusual that someone stores for
example e-books on a PDA. Ad-hoc and peer-to-peer networks make mobile devices a very
robust and scalable storage of public information, but the search engines allowing access
to such locally stored public resources are still under development. One of the most
important tasks to solve in these systems is the support of mobile device environment
having still signi�cantly less resources than desktop computers. Peer-to-peer �le sharing
systems are already implemented for mobile devices, but the search is still based on search
phrases entered by the user and looked for in �lenames.

The work proposed in this dissertation is part of a project aiming to support automatic
semantic search in mobile device environments. The key concept is that the mobile device
is running a background process performing automatic search for documents which might
be of interest for the user. If one is found, the user is noti�ed and asked, if it should be
downloaded or not. The automatic search is based on the assumption that a user interest
pro�le can be built using the documents stored on the mobile device locally. In this case,
the search process has to compare the remote documents to the local ones and notify the
user if the similarity measure is above a used-de�ned threshold.

The �rst important requirement for the system is related to communication tra�c: as
the communication to the remote devices may not be free of charge, the system should
maintain a low communication tra�c. This is achieved with very compact document
representations which allow the comparison of document topics with the transmission
of around 10-20 bytes. Beside the �nancial costs, another drawback of high tra�c is the
signi�cant energy consumption: a background process depleting the battery in hours while
searching the peer-to-peer network for interesting documents would not be very popular.

The second important requirement is the low rate of misclassi�cations: the user should
not be noti�ed about o�-topic documents too often, otherwise the system will not be used.
Finding less interesting documents is much less annoying than �nding many documents
which are often not even related to the locally stored ones. From the theoretical point of
view, this means that a high precision classi�cation is required, even if the recall is lower.

This dissertation is intended to provide the theoretical methods for the automatic
search for remote documents similar to the local ones. The low communication tra�c is
maintained using the compact document representation which is based on the presence or
absence of very topic speci�c keywords. Strong topic speci�city of the keywords supports
the high precision results with priority over the recall.

Based on these, the objectives of my research are the following:

• Create a topic identi�cation and representation method suitable for application in
mobile devices.

• Propose a similarity search method detecting remote documents similar to the local
documents.

• Investigate further possibilities for the improvement of the similarity search in terms
of precision and recall.

• All proposed methods should be investigated in terms of applicability in mobile
devices with respect to computational complexity and communication tra�c.
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2 Methodological summary

The basis of my research consists of several areas of the related literature, like feature
selection, document classi�cation, automatic tagging, query expansion, adding semantic
information, and classi�er ensembles. These provided basis for creating the proposed
keyword selection method which is the starting point of the other results. By observing
related technologies, I added incorporation of semantic information and the common
technique of classi�er ensembles to improve the document topic identi�cation and the
similarity search.

In my dissertation I use the bag-of-words approach for document representation which
means that a d document is a set of w words. A T topic is a set of documents, and
sometimes there is a need to indicate a set of topics, like the U set of o�-topics which
contain documents not to be selected. Selections of documents and their evaluation mea-
sures precision, recall, and F-measure have also a very important role in my theses. A
selection returns a set of documents containing a given w word (S(w)), or the documents
containing at least one keyword from a keyword list KT (S(KT )). If the goal is to select
the documents of a given T target topic and the set of selected documents is S, c = |S∩T |,
t = |T |, and f = |S\T |, then precision is c/(c + f), recall is c/t and F-measure is the
harmonic mean of precision and recall.

My results can be organized into the following main categories:

• A keyword selection which allows easy topic identi�cation and comparison.

• A document extension technique aiming to help the recognition of generalizations
of the keywords.

• Two classi�er ensemble techniques aiming to further improve the topic identi�cation
and the search for similar documents.

During my research, the suitability for real-world applications was an important ob-
jective. The proposed methods were tested in simulated environments written mainly in
MatLAB.

3 New theoretical results

My results are summarized in three theses, presented brie�y in the following.

Thesis I.: Selecting topic speci�c keywords

Publications related to this thesis are [1][2][6][9][10][11][12][13][14][15][19][20][28][30].
In my �rst thesis I propose a keyword selection algorithm called Precision based Key-

word Selection (PKS, subthesis I.1.). It creates a keyword list for a given document topic.
The selected keywords are topic speci�c ones which means that they rarely appear in
o�-topic documents. This makes them suitable for topic identi�cation. Using the cre-
ated keyword lists, I propose a simple, though su�ciently e�ective, classi�cation method
which selects the topic having the most keywords in the document (subthesis I.3.). I
show that the PKS algorithm has linear execution time (subthesis I.2). I have shown
that a parameter returned by the PKS algorithm allows the easy separability
estimation of a given target- and a given set of o�-topics (subthesis I.4.).
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Subthesis I.1.: Precision based Keyword Selection

I have de�ned the individual precision and the minimal individual precision limit, the key
concepts of the keyword selection algorithm. I have de�ned the Precision based Keyword
Selection (PKS) algorithm which creates a keyword list for a given target topic in a param-
eterless way. I have shown with experimental results that the proposed algorithm allows
higher precision in classi�cation, than the baseline method. Formal results allow the
estimation of the precision of document selections that use the created key-
word lists. I have proven that a keyword list created by PKS allows the highest
lower bound for expected precision (mp) among the possible keyword lists with
the same size.

In the following discussions, topics are handled as sets of documents and documents
are handled as sets of words. Words selected for the document representations are the
keywords.

De�nition 3.1 (Document set selected by a keyword or keyword list). The document set
S(w) selected by a keyword w is the set of documents containing the word w:
S(w) = {d ∈ D : w ∈ d} where D is the set of all documents. Similarly, for a K keyword
list, S(K) = {d ∈ D : K ∩ d 6= ∅}.

De�nition 3.2 (Individual precision, recall and F-measure). Given a target topic T , the
precision, recall and F-measure of the set of selected documents can be calculated using
the conventional de�nitions. Individual precision iprec(w, T ), recall irecall(w, T ) and F-
measure iF (w, T ) of a word w are the precision, recall and F-measure of S(w) with respect
to the target topic T .

Proposed de�nition 3.3 (Minimal individual precision limit mpT of topic T ). The
minimal individual precision limit mpT of topic T is the lower limit for individual precision
of the keywords of topic T . Formally,

w ∈ KT ↔ iprec(w, T ) ≥ mpT (3.1)

The lower bound of individual precisions in the keyword list, expressed by mpT , is an
important property of the keyword lists created by the PKS algorithm. PKS optimizes
mpT to maximize the F-measure of the selection using the resulting keyword list.

Proposed de�nition 3.4 (Precision based Keyword Selection (PKS)). The PKS al-
gorithm is de�ned as presented in Algorithm 1. Given a T target topic and a set of U
o�-topics, it returns a keyword list containing all words above the mpT minimal individual
precision limit. mpT is optimized to achieve maximal F-measure with the keyword list.

The minimal individual precision limit mp represents a balance between high precision
and high recall, but high precision is maintained while optimizing F-measure. This gives
high precision a priority over the high recall. Fig. 1 presents the curves of precision, recall
and F-measure as a function of x.

Experimental results show that thempT and epT values, as returned by PKS,
are suitable for estimations about the precision of the document selection.

Subthesis I.2.: Linear execution time

I have proven that the execution time of PKS is asymptotically linear with respect to the
product of training document number and word number which is the size of the original
document representations in the space of all possible words.
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Algorithm 1 Precision based Keyword Selection
Input: T target topic
for x = 1 to 0 step −0.01 do
K(x) = {w ∈ W : iprec(w, T ) ≥ x} // Create new keyword list for x
p(x) = precision(S(K(x)), T ) // Calculate its precision with respect to T
r = recall(S(K(x)), T )
f(x) = fmeasure(p(x), r)

end for
mpT = argmax

x
{f(x)}

epT = p(mpT )
KT = K(mpT )
Output: KT , mpT , epT

Subthesis I.3.: Most keywords (MKw) classi�cation method

I have shown that the most keywords (MKw) classi�cation method � choosing the topic
having the most keywords in the document � can take advantage of the properties of the
keyword lists created by PKS, and achieve better classi�cation quality than the baseline
classi�er.

From the classi�cations point of view, a keyword list created by the PKS algorithm is
a trained 1-class classi�er: it is capable to select documents of its target topic. If there
is a need to transfer a classi�er selecting documents of a given topic, the transmission of
the keyword list of the topic is su�cient.

The most important reason of choosing this classi�cation method beside its simplicity
is that the compact document representation - proposed in my second thesis - should
contain as many keywords as possible. Using a classi�cation method choosing the topic
having the most keywords in the documents is a straightforward decision, as only the key-
words of the document's topic can be indicated in the compact document representation.
(See thesis II. for further details.)

Subthesis I.4.: Separability estimation

I have shown that the mp values are suitable for the measurement of topic separability,
and the separability of a given topic from an arbitrary set of o�-topics can be estimated
using only the pairwise separabilities of the topics (Eqn. 3.2).

The mp optimized by PKS is suitable to measure the separability of the target topic
from a given set of o�-topics: if there are few topic speci�c keywords (keywords with
high individual precision), as two topics are very similar, mp has to be lower to achieve
a keyword list having acceptable recall. Using the notation mpT ({A;B}) for the minimal
individual precision limit optimized by PKS for topic T when the o�-topics are A and
B, the proposed estimation method can estimate mpT ({A;B}) using only mpT ({A}) and
mpT ({B}).

Given a target topic T and a set of o�-topics U, mpT (U) can be approximated with

m̂pT (U) =
1

1 +
∑

V ∈U(
1

mpT ({V }) − 1)
(3.2)
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Figure 1: The PKS algorithm collects keywords starting from x = 100% minimal indi-
vidual precision and decreasing it until the F-measure reaches its maximum. After the
maximum point is reached, the decreasing precision (due to increasing number of key-
words with lower individual precision) is no longer compensated by the increasing recall
(due to the increasing number of keywords covering more and more documents).

Thesis II.: Similarity search and document extension

Publications related to this thesis are [4][7][22][23][24][25][26][27][29].
My second thesis proposes a searching method for mobile devices for �nding remote

documents with topics similar to the local ones. This is mainly a 1-class classi�cation task.
In order to maintain low communication tra�c, documents are compared using only a
compact document representation. The compact representations of the remote documents
are downloaded, and used for the measurement of similarity between the remote and the
locally stored documents (also called base documents).

I have proposed a compact document representation (subthesis II.1.). As the simi-
larity measure is based on common keywords, documents not having common keywords
will be completely di�erent. The problem of synonyms and other related words is han-
dled by document extension (subthesis II.2.) which is based on a function returning the
generalizations of keywords, called the Related Generalizing Concept Function (RGCF).
The generalizing words are retrieved using an unsupervised, co-occurrance based method
(subthesis II.3) or using WordNet (subthesis II.5.). If the unsupervised RGCF learning
is used, a lower limit for the probability of document relatedness can be given, if the
document similarity increases due to document extension (subthesis II.4.).
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Subthesis II.1.: Compact document representation, similarity search

I have proposed a compact document representation technique allowing document topic
comparison without the transmission of the whole document. I have shown the trans-
formation of compact document representations into the original feature space and the
similarity measure used to compare the remote documents to the base documents. Theo-
retical results provide a lower limit for the expected precision of the similarity
search, and experimental results show that the representation is suitable for the proposed
similarity search method.

Proposed de�nition 3.5 (Compact document representation). The compact document
representation of a document d is the pair (T̂ (d),p(T̂ (d), d)) where T̂ (d) is the estimated
topic of the document d and p(T̂ (d), d) is a binary vector indicating the presence or absence
of the keywords of topic T̂ (d) in the document d.

Proposed de�nition 3.6 (Similarity search). The similarity search is the process of
downloading the compact document representations of remote documents and calculating
the number of their common keywords with the base documents. If this number exceeds a
user-de�ned threshold, the user is noti�ed.

Subthesis II.2.: Document extension and Related Generalizing Concept Func-
tion

I have proposed the document extension method, based on the Related Generalizing Con-
cept Function (RGCF). RGCF provides the generalizing keywords of a given keyword. I
proposed two methods for learning the RGCF: one based on unsupervised, co-occurrance
statistics based method, and one based on the hypernym graph of WordNet. Experimental
results show that the document extension successfully increases the similarity measure of
related documents which share few or no keywords.

Proposed de�nition 3.7 (Related General Concepts Function (RGCF)). RGCF is the
function returning the set of related general concepts (also keywords) vi for the keyword
w:
RGCF (w) = {v1, v2, ..., vn}.

Proposed de�nition 3.8 (Document extension). The document extension adds all the
generalizations of the keywords of a document, to the document:

dext = d ∪
⋃
w∈d

RGCF (w) (3.3)

where dext is the extended document.

Subthesis II.3.: Keyword co-occurrence (KCo) based RGCF learning

I proposed an unsupervised, keyword co-occurrance based method for RGCF learning. I
have presented experimental results showing that the proposed method successfully discov-
ers generalizations of the keywords. This makes it suitable for application for document
extension.

If a hierarchy of the document topics is available, keywords for topics on all hierarchy
levels can be created. For the sake of simplicity, I will consider a two-level hierarchy with
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upper and lower level topics, but the methods can be easily generalized to more levels. The
method is based on the assumption that keywords of upper level topics are more general
than the keywords of lower levels, and that frequently co-occurring keywords are related
to each other. Based on these observations, the proposed method collects generalizing
keywords as follows:

Proposed de�nition 3.9 (Keyword co-occurrence based RGCF learning).

v ∈ RGCF (w)↔ w ∈ KG, v ∈ KH : G ⊆ H,
S(w) ∩ S(v)

S(w)
≥ mcr

where KG and KH are the set of keywords for topics G and H respectively, G ⊆ H
indicates that G is a subtopic of H, S(w) is the set of documents containing the word w,
and mcr is the minimal co-occurrence rate.

The �rst condition ensures the generalization and the second ensures the frequent
co-occurrence of the keywords v and w.

Subthesis II.4.: Probability of relatedness of documents with increasing simi-
larity measure due to document extension

I have given a lower limit for the probability, that if the similarity of two documents is
increased by the document extension, the two documents belong to related topics. Experi-
mental results show that document extension increases the similarity of related documents,
and does not increase the similarity of unrelated documents signi�cantly.

De�nition 3.10 (Related topics). Two topics are related in a topic hierarchy, if they
have a common parent topic.

Documents of related topics (for example subtopics of animals like hawks and dolphins)
are considered to be a suitable test environment for the document extension, as the
common parent topic ensures loose relatedness but the documents are di�erent enough to
share few or no keywords.

Subthesis II.5.: Creating RGCF using WordNet

I have proposed an RGCF learning method using the hypernym graph of WordNet. I
have presented measurement results comparing this RGCF learning to the keyword co-
occurrence based one. Measurement results show that this RGCF learning also allows
document extension to improve the recall of the similarity search.

Proposed de�nition 3.11 (Hypernym distance of words in WordNet). The h(w, v)
hypernym distance of words w and v is the length of the route along the directed hypernym
edges from w to v. If w and v are synonyms (they belong to the same synset in WordNet),
h(w, v) = 0.

For example if animal is a hypernym of mammal, and mammal is a hypernym of
elephant, then h(elephant, animal) = 2.

Proposed de�nition 3.12 (WordNet based RGCF learning). The RGCF learned using
WordNet is de�ned as

v ∈ RGCF (w)↔ h(w, v) ≤ dl (3.4)

where dl is the distance limit, a parameter of the learning method.
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Figure 2: Topic identi�cation using topic sets. Only triggered topics are checked during
topic classi�cation.

Thesis III.: Two-level topic identi�cation and cascading

Publications related to this thesis are [3][5][8][16][17][18][21].
In my third thesis I propose two classi�er ensemble techniques aiming to decrease the

number of used keyword lists during topic identi�cation, and to improve the recall of the
similarity search.

The �rst part of the theses is a two-level topic identi�cation method. Its key idea
is to create a decision tree-like classi�er by merging some similar topics into topic sets.
If a topic set is very di�erent from a document, the topics inside this topic set are not
checked for similarity with the document. This way, the mean number of checked topics
per document can be decreased. The topic sets are created using the F-measure based
Topic Set Creation (FTSC) algorithm (subthesis III.1.), and its optimality in terms of the
easy-to-identify property of the created topic sets is also discussed (subthesis III.2.). The
Small Sets on Demand extension (subthesis III.3.) is proposed for further decreasing the
mean number of checked topics.

In the second part of the thesis, I propose a cascaded similarity search method to
improve the recall of the search for similar documents. Its key idea is the training of
further levels of 1-class classi�ers specialized on the documents not recognized by previous
levels. I show that there are words which can be better keywords in the later levels, as in
the �rst one (subthesis III.4.).

Two-level topic identi�cation using topic sets

Fig. 2 illustrates the topic identi�cation using topic sets: only the topics of triggered topic
sets, ones having common keyword with the document, will be checked.
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Subthesis III.1.: F-measure based Topic Set Creation algorithm (FTSC)

I have proposed the greedy F-measure based Topic Set Creation (FTSC) algorithm for
creating topic sets which can be easily identi�ed, and the method for creating the topic
sets used in the document topic identi�cation using FTSC. Experimental results show
that the proposed method successfully decreases the mean number of checked keyword lists
during the identi�cation of a document's topic.

The key idea of the F-measure based Topic Set Creation algorithm (FTSC) is to
retrieve for every word the set of topics which that word can select with the highest F-
measure. With other words, if one would select all documents the given word appears in,
which target topic set would get the highest F-measure.

Proposed de�nition 3.13 (Easy-to-identify topic set of a word). The easy-to-identify
topic set of the word w is

TSopt(w) = argmax
TS
{iF (w,TS)} (3.5)

where iF (w,TS) is the individual F-measure of the word w with respect to the topic set
TS as target topic.

Finding the optimal topic set for every word by calculating the individual F-measure
for all possible topic sets would be very resource consuming. The FTSC algorithm, illus-
trated in Alg. 2, is searching for the topic set TSopt(w) for a given w word in a greedy
way: it adds the T topics to the topic set in descending iF (w, T ) order until the individual
F-measure is maximized.

Algorithm 2 F-measure based Topic Set Creation
Input: w word, T set of all topics
// Get iF for every topic
// Order topics in descending iF -order
L = sort(T, iF (w, T ),′ desc′) // L is an ordered list of topics.
// Choose n so that �rst n topics maximize iF
n = argmax

x
{iF (w,L(1..x))}

Output: L(1..n) // Return set of �rst n topics.

Using FTSC, the topic sets are created as illustrated in Alg. 3. Topic set evaluation
in the function GetSuitableTopicSets is creating keyword lists for all topic sets (using
PKS) and removes the ones covering too many topics or achieving too low precision or
recall. The detailed evaluation conditions are presented in the dissertation. In the last
step, topics not covered by any remaining topic sets are moved into a separate topic set
created for each of them individually. These additional topic sets contain only one topic,
and are called small topic sets.

Proposed de�nition 3.14 (small and big topic sets). A topic set is a small topic set, if
it contains exactly one topic. Otherwise, it is a big topic set.

After the topic sets have been created, a keyword list is created for each of them using
PKS. The second level of the ensemble is trained just as there would be no topic sets. A
keyword list is created for every topic set and topic independently.
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Algorithm 3 Topic set creation for document topic identi�cation
Input: T set of all topics, W set of all words
// Create initial topic sets
TS =

⋃
w∈W{FTSC(w,T)}

// Get topic sets ful�lling the evaluation conditions
TS = GetSuitableTopicSets(TS)
C =

⋃
F∈TS F // Create set of covered topics

for T ∈ T\C do
TS = TS ∪ {T} // Create small topic sets for not covered topics

end for
Output: TS set of topic sets

Subthesis III.2.: Optimality of FTSC

I have proven that the greedy FTSC algorithm achieves optimal results, if the a-priori
probabilities of the topics are equal.

Subthesis III.3.: Using the classi�er ensemble, Small Sets on Demand exten-
sion

I have proposed the small sets on demand (SSD) extension for the topic sets based topic
identi�cation which avoids the check of small topic sets in many cases. I have shown
measurements supporting that this extension successfully decreases the mean number of
checked keyword lists during the identi�cation of a document's topic, and it does not
signi�cantly decrease the precision.

Using the topic sets for topic identi�cation is illustrated in Alg. 4. If the topic of a
new document has to be identi�ed, it is �rst compared to the keyword lists of the topic
sets, and then, the keyword lists of the triggered topics are checked. The triggered topic
having the most keywords in the document is selected.

Proposed de�nition 3.15 (Set of triggered topic sets). Given a d document, the
Trig(d,TS) set of triggered topic sets contains the topic sets having common keywords
with the document.

Trig(d) = {TS : KTS ∩ d 6= ∅} (3.6)

Algorithm 4 Using topic sets for topic identi�cation

Input: d document
// Get set of triggered topic sets
TR = Trig(d,TS)
// Get topics in triggered topic sets
R =

⋃
TRS∈TR TRS

// Get the topic with the most keywords, among the triggered topics
Output: T̂ (d) = MKw(d,R)

The Small Sets on Demand (SSD) extension means that if su�cient (a given mb
number of) big topics are triggered, then small topic sets are not checked. In this case,
the algorithm is illustrated in Alg. 5.
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Algorithm 5 Using topic sets for topic identi�cation with SSD. TS∗ represents the set
of big topic sets.

Input: d document
// Get set of triggered big topic sets
TR = Trig(d,TS∗)
if |TR| < mb then
TR = Trig(d,TS)

end if
// Get topics in triggered topic sets
R =

⋃
TRS∈TR TRS

// Get the topic with the most keywords, among the triggered topics
Output: T̂ (d) = MKw(d,R)

Cascade structures

Cascade structures are designed for the similarity search to increase the recall by training
further selectors (creating further keyword lists) specialized on the documents missed by
the previous levels.

Subthesis III.4.: The similar document search cascade structure

I have proposed a cascade structure for the search for similar documents. The key idea of
the cascades is the training of multiple levels of 1-class classi�ers. Each level is trained
only on the documents not selected by previous levels, not as similar document, neither
as o�-topic document. Experimental results show that this structure successfully increases
the recall of the similarity search.

The elements of a cascade structure consists of a keyword list used to recognize similar
documents, and an exclude keyword list used to recognize o�-topic documents. Only
documents not found to be either similar or o�-topic, are forwarded to the next cascade
level which is specialized on these remaining cases.

Proposed de�nition 3.16 (Allowed and Excluded topic set). A is the set of topics which
have base documents: T ∈ A ↔ ∃d ∈ B ∩ T where B is the set of base documents. The
set of excluded topics contains topics which do not have base documents: E = A.

The training of the cascades is presented in Alg. 6, and its application in Alg. 7.
I have shown that there are words which can have individual precision higher in later

cascade levels than in the previous levels. This supports the theory that successive se-
lectors can successfully cover more documents without too strong precision decrease, as
there are words which get better keywords after removing several o�-topic and target topic
documents.

4 Application of the new results

The methods proposed in my dissertation have been evaluated in an environment con-
sisting of mainly MatLAB scripts. I created a general framework for the evaluation of
the various aspects of keyword list creation, in�uence of keywords on the document clas-
si�cation and the similarity search. The document extension module allows testing of
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Algorithm 6 Training a similarity search cascade structure
Input: A set of allowed topics, E set of excluded topics, D set of all documents, n
number of cascade levels, B set of base documents
D(1) = D // First element becomes all documents
b =

⋃
d∈B d // Merge all base documents into one word set.

for i = 1 to n do
K

(i)
b = b ∩

⋃
T∈A PKS(T,D(i)) // Create keyword lists for all allowed topics. Use

only keywords appearing in the base documents.
K

(i)
e =

⋃
T∈E PKS(T,D(i)) // Create keyword lists for all excluded topics.

D(i+1) = D(i)\(D(i) ∩ K
(i)
b )\(D(i) ∩ K

(i)
e ) // Remove recognized similar documents

and the ones with recognized excluded topic.
end for
Output: all K

(i)
b and K

(i)
e keyword lists.

Algorithm 7 Using a similarity search cascade structure

Input: K
(i)
b and K

(i)
e keyword lists, D set of remote documents

R = ∅ // Result set of similar documents.
for i = 1 to n do
R = R ∪ S(K

(i)
b , D) // Get selected documents from the remaining document set

D = D\S(K(i)
b , D)\S(K(i)

e , D) // Remove selected or excluded documents.
end for
Output: R set of similar remote documents.

various related generalizing concept functions (RGCFs). The measurements according
to similarity search and cascaded similarity search have many parameters. In order to
simplify the evaluation, the framework can run tests with many parameter settings and
the individual results are stored in an MSSQL database. Some aspects are evaluated by
reading the results from the database back to MatLAB and some of them are evaluated
by Excel running SQL queries.

The proposed techniques can be applied in any document topic classi�cation applica-
tion, but the key properties are signi�cant in environments described in the introduction.
If the comparison has to be performed on a remote location by transmitting the doc-
ument's topic information, or the devices performing the document classi�cation have
limited resources, the proposed techniques will have signi�cant advantages in comparison
to other state-of-the-art methods. Although mobile devices may get enough resources to
apply these state-of-the-art methods, there will always be systems having limited resources
in the future: there will always be something smaller.

Implementation on real mobile devices is subject of further work. The components of
the proposed system are described in the dissertation.
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