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(57) ABSTRACT 

A speech and textual analysis device and method for forming 
a search and/or classi?cation catalog. The device is based on 
a linguistic database and includes a taxonomy table contain 
ing variable taxon nodes. The speech and textual analysis 
device includes a Weighting module, a Weighting parameter 

28 

Zuench (CH) being additionally assigned to each taxon node to register the 
21 A 1_ N _. 11/659 955 recurrence frequency of terms in the linguistic and/ or textual 

( ) pp 0 ’ data that is to be classi?ed and/or sorted. The speech and/or 

(22) PCT Filed; Aug 13, 2004 textual analysis device includes an integration module for 
determining a prede?nable number of agglomerates based on 

(86) PCT NO_; PCT/EP2004/051793 the Weighting parameters of the taxon nodes in the taxonomy 
table and at least one neuronal network module for classifying 

§ 371 (c)(1), and/or sorting the speech and/or textual data based on the 
(2); (4) Date; Nov. 15, 2007 agglomerates in the taxonomy table. 
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SPEECH AND TEXTUAL ANALYSIS DEVICE 
AND CORRESPONDING METHOD 

[0001] The invention relates to a system and a method for 
automated language and text analysis by the formation of a 
search and/or classi?cation catalog, With data records being 
recorded by means of a linguistic databank and With speech 
and/ or text data being classi?ed and/or sorted on the basis of 
the data records (keywords and/or search terms). The inven 
tion relates in particular to a computer program product for 
carrying out this method. 
[0002] In recent years, the importance of large databanks, 
in particular databanks linked in a decentraliZed form, for 
example by netWorks such as the World Wide backbone net 
Work Internet, has increased exponentially. More and more 
information, goods and/or services are being offered via such 
databanks or netWorks. This is evident just from the omni 
presence of the Internet noWadays. The availability and 
amount of such data in particular has noW resulted, for 
example, in Internet tools for searching for and ?nding rel 
evant documents and/or for classi?cation of documents that 
have been found having incredible importance. Tools such as 
these for decentraliZed databank structures or databanks in 
general are knoWn. In this context, the expression “search 
engines” is frequently used in the Internet, such as the knoWn 
GoogleTM, Alta VistaTM or structured presorted link tables 
such as YahooTM. 

[0003] The problem involved in searching for and/or cata 
lo ging of text documents in one or more databanks include the 
following: (1) indexing or cataloging of the content of the 
documents to be processed (content synthesis), (2) process 
ing of a search request of the indexed and/or catalogued 
documents (content retrieval). The data to be indexed and/or 
catalogued normally comprises unstructured documents, 
such as text, descriptions, links. In more complex databanks, 
the documents may also multimedia data, such as images, 
voice/ audio data, video data, etc. In the Internet, this may for 
example be data Which can be doWnloaded from a Website by 
means of links. 

[0004] US. Pat. No. 6,714,939 discloses a method and a 
system such as this for conversion of plain text or text docu 
ments to structured data. The system according to the prior art 
can be used in particular to check for and/or to ?nd data in a 
databank. 
[0005] Neural netWorks are knoWn in the prior art and are 
used, for example, to solve optimiZation tasks, for pattern 
recognition, and for arti?cial intelligence, etc. Corresponding 
to biological nerve netWorks, a neural netWork comprises a 
large number of netWork nodes, so-called neurons, Which are 
connected to one another via Weighted links (synapses). The 
neurons are organiZed and interconnected in netWork layers. 
The individual neurons are activated as a function of their 

input signals and produce a corresponding output signal. A 
neuron is activated via an individual Weighting factor by the 
summation over the input signals. Neural netWorks such as 
these have a learning capability in that the Weighting factors 
are varied systematically as a function of predetermined 
exemplary input and output values until the neural netWork 
produces a desired response in a de?ned predictable error 
range, such as the prediction of output values for future input 
values. Neural netWorks therefore have adaptive capabilities 
for learning and storage of knoWledge, and associated capa 
bilities for comparison of neW information With stored knoWl 
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edge. The neurons (netWork nodes) can assume a rest state or 
an energiZed state. Each neuron has a plurality of inputs and 
one, and only one, output, Which is connected to the inputs of 
other neurons in the next netWork layer or, in the case of an 
output node, represents a corresponding output value. A neu 
ron changes to the energiZed state When a su?icient number of 
inputs to the neuron are energiZed above a speci?c threshold 
value of that neuron, that is to say When the summation over 
the inputs reaches a speci?c threshold value. The knoWledge 
is stored by adaptation in the Weightings of the inputs of a 
neuron and in the threshold value of that neuron. 

[0006] The Weightings of a neural netWork are trained by 
means of a learning process (see for example G. Cybenko, 
“Approximation by Superpositions of a sigmoidal function”, 
Math. Control, Sig. Syst., 2, 1989, pp 303-314; M. T. Hagan, 
M. B. Menjaj, “Training FeedforWard NetWorks With the 
Marquardt Algorithm”, IEEE Transactions on Neural Net 
Works,Vol. 5, No. 6, pp 989-993, November 1994; K. Hornik, 
M. Stinchcombe, H. White, “Multilayer FeedforWard Net 
Works are universal Approximators”, Neural NetWorks, 2, 
1989, pp 359-366 etc.). 
[0007] In contrast to supervised learning neural nets, no 
desired output pattern is predetermined for the neural net 
Work for the learning process of unsupervised learning neural 
nets. In this case, the neural netWork itself attempts to achieve 
a representation of the input data that is as sensible as pos 
sible. So-called topological feature maps (TFM) such as 
Kohonen maps are knoWn, for example, in the prior art. In the 
case of topological feature maps, the netWork attempts to 
distribute the input data as sensibly as possible over a prede 
termined number of clas ses. In this case, it is therefore used as 
a classi?er. Classi?ers attempt to subdivide a feature space, 
that is to say a set of input data, as sensibly as possible into a 
total of N sub-groups. In most cases, the number of sub 
groups or classes is de?ned in advance. A large number of 
unde?ned interpretations can be used for the Word “sensible”. 
By Way of example, one normal interpretation for a classi?er 
Would be: “form the classes such that the sum of the distances 
betWeen the feature vectors and the class center points of the 
classes With Which they are associated is as small as possible.” 
A criterion is thus introduced Which is intended to be either 
minimiZed or maximiZed. The object of the classi?cation 
algorithm is to carry out the classi?cation process for this 
criterion and the given input data in the shortest possible time. 
[0008] Topological feature maps such as Kohonen maps 
alloW a multi-dimensional feature space to be mapped into 
one With feWer dimensions, While retaining the most impor 
tant characteristics. They differ from other classes of neural 
netWork in that no explicit or implicit output pattern is pre 
determined for an input pattern in the learning phase. During 
the learning phase of topological feature maps, they them 
selves adapt the characteristics of the feature space being 
used. The link betWeen a classical classi?er and a self-orga 
niZing neural netWork or a topological feature map (TFM) is 
that the output pattern of a topological feature map generally 
comprises a single energiZed neuron. The input pattern is 
associated With the same class as the energiZed output neuron. 
In the case of topological feature maps in Which a plurality of 
neurons in the output layer can be energiZed, that having the 
highest energiZation level is generally simply assessed as the 
class associated With the input pattern. The continuous model 
of a classi?er in Which a feature is associated With speci?c 
grades of a class is thus changed to a discrete model. 
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[0009] One object of this invention is to propose a novel 
system and automated method for the formation of a search 
and/ or classi?cation catalog, Which does not have the above 
mentioned disadvantages of the prior art. One particular aim 
is to propose an automated, simple and economic method in 
order to classify and/or to sort, and/or to index for a search 
request, a large amount of language and/or text data Which, 
for example, is stored such that it can be accessed via one or 
more databanks. The aim of the invention is to produce an 
indexing method for ef?cient and reliable thematic searching, 
that is to say for ?nding documents Which are as similar as 
possible to a given request, comprising an entire text docu 
ment or individual keywords. A further aim of the invention is 
to produce a clearly de?ned measure for objective assessment 
of the similarity of tWo documents When compared, and for 
the ranking of documents. An additional aim of the invention 
is to produce a method for identi?cation of associated docu 
ment clusters, that is to say of documents Which are virtually 
identical (different versions of the same document With minor 
changes). 
[0010] According to the present invention, this aim is 
achieved in particular by the elements of the independent 
claims. Further advantageous embodiments are also dis 
closed in the dependent claims and in the description. 
[0011] In particular, these aims are achieved by the inven 
tion in that a language and text analysis apparatus is used to 
form a search and/or classi?cation catalog Which has at least 
one linguistic databank for association of linguistic terms 
With data records, in Which case the linguistic terms comprise 
at least keyWords and/or search terms, and language and/or 
text data can be classi?ed and/or sorted corresponding to the 
data records, in that the language and text analysis apparatus 
has a taxonomy table With variable taxon nodes on the basis of 
the linguistic databank, in Which case one or more data 
records can be associated With one taxon node in the tax 
onomy table, and in Which case each data record has a vari 
able signi?cance factor for Weighting of the terms on the basis 
of at least ?lling Words and/or linking Words and/or key 
Words, in that each taxon node additionally has a Weighting 
parameter for recording of frequencies of occurrence of terms 
Within the language and/or text data to be sorted and/or to be 
classi?ed, in that the language and/or text analysis apparatus 
has an integration module for determination of a prede?nable 
number of agglomerates on the basis of the Weighting param 
eters of the taxon nodes in the taxonomy table, With one 
agglomerate comprising at least one taxon node, and in that 
the language and/or text analysis apparatus has at least one 
neural netWork module for classi?cation and/or for sorting of 
the language and/or text data on the basis of the agglomerates 
in the taxonomy table. The linguistic databank may, for 
example, comprise multilingual data records. This embodi 
ment variant has the advantage, inter alia, that documents, 
collections or entirely general data items can be grouped 
logically for example in databanks, in particular decentral 
iZed databanks Without human intervention (for example no 
training of a netWork, no preparation of content-speci?c tax 
onomy, etc.). Furthermore, it is simple to produce an over 
vieW of the thematic content of a document collection by 
means of a topological map. This apparatus and automated 
method can thus be regarded as considerable progress for 
“table of content” methods. In particular, the invention pro 
duces an extremely reliable and ef?cient tool for thematic 
searching (identi?cation of documents on the basis of a 
search input in a natural language) in addition to conventional 
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searching from the prior art by means of a combination of 
search terms. In particular, search results can very easily be 
displayed clearly by means of the projection onto the topo 
logical and/or geographic map as a so-called “heat map” 
display, in contrast to the conventional uncategoriZed list 
formats. Furthermore, the invention produces a measure 
Which can be checked easily for comparison and/or similarity 
assessment of documents. The invention likeWise produces 
real multilingual knoWledge management With search func 
tions in more than one language. Until noW, this has not been 
possible With the prior art. In conclusion, the invention even 
alloWs automated generation of “descriptors”, in Which case 
descriptors re?ect the contact characteristic of a document 
(also With cross-language characteristics). The invention thus 
produces an indexing method for ef?cient and reliable the 
matic searching, that is to say for ?nding documents Which 
are as similar as possible to a given request, comprising an 
entire text document or individual keyWords. The invention 
likeWise produces a clearly de?ned measure for objective 
assessment of the similarity of tWo documents for the com 
parison and ranking of documents. In addition, the invention 
produces a method for identi?cation of associated document 
clusters, that is to say documents Which are virtually identical 
(different versions of the same document With minor 
changes). 
[0012] In one embodiment variant, the neural netWork 
module has at least one or more self-organizing Kohonen 
maps. This embodiment variant has the same advantages, 
inter alia, as the previous embodiment variant. In addition, the 
use of self-organizing netWork techniques, for example SON 
or Kohonen maps, alloWs further automation of the method. 

[0013] In another embodiment variant, the language and 
text analysis apparatus has an entropy module for determina 
tion of an entropy parameter, Which can be stored in a 
memory module, on the basis of the distribution of a data 
record in the language and/or text data. The entropy param 
eter may be given, for example, by Entropy DRIIn (freq 
sumDR)—Z FDR In(FDR)/freqsumDR. This embodiment variant 
has the advantage, inter alia, that an additional relevance 
parameter can be determined. A term Which appears in a Well 
scattered form over all of the language and/ or text data and/or 
over all the documents has a high “entropy” and Will contrib 
ute little to the process of distinguishing betWeen the docu 
ments. The entropy can thus make a considerable contribution 
to the ef?ciency of the apparatus and/ or method according to 
the invention. 
[0014] In yet another embodiment variant, the apparatus 
has a hash table Which is associated With the linguistic data 
bank in Which case a hash value can be used to identify 
linguistically linked data records in the hash table. This 
embodiment variant has the advantage, inter alia, that linguis 
tically linked data records such as “common”, “sense” and 
“common sense” can be found much more quickly and con 
siderably more ef?ciently. 
[0015] In a further embodiment variant, the data records, 
for example, can be associated With a language by means of a 
language parameter and can be identi?ed as a synonym in the 
taxonomy table. This embodiment variant has the advantage, 
inter alia, that multilingual text or language data can also be 
classi?ed and/or sorted by means of the language and text 
analysis apparatus. 
[0016] In one embodiment variant, the agglomerates form 
an n-dimensional content space and, for example, n may be 
equal to 100. HoWever, it should be noted that any other 
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desired natural number may likewise be worthwhile for spe 
ci?c applications. This embodiment variant has the advan 
tage, inter alia, that it for the ?rst time allows e?icient asso 
ciation with the self-organiZing networks since, otherwise, 
the content space has too many degrees of freedom than that 
for which it would still be valid, or too few, so that it is 
likewise no longer valid. 
[0017] In another embodiment variant, the language and 
text analysis apparatus has descriptors which can be used to 
determine constraints which correspond to de?neable 
descriptors for a subject group. This embodiment variant has 
the advantage, inter alia, that the documents are brought to the 
correct global region by means of the SOM technique. 
[0018] In a further embodiment variant, the taxon nodes in 
the taxonomy table are produced on the basis of a universal, 
subject-independent, linguistic databank, with the databank 
having the universal, subject-independent, linguistic data 
bank. This embodiment variant has the advantage, inter alia, 
that this makes it possible for the ?rst time to carry out 
cataloguing and/ or indexing in a completely automated man 
ner on the basis of a taxonomy which is not subject-speci?c 
and therefore does not need to be de?ned in advance. 
[0019] At this point, it should be stated that the present 
invention relates not only to the method according to the 
invention but also to an apparatus for carrying out this 
method. Furthermore, it is not restricted to the stated system 
and method, but likewise relates to a computer program prod 
uct for implementation of the method according to the inven 
tion. 
[0020] Embodiment variants of the present invention will 
be described in the following text with reference to examples. 
The examples of the embodiments are illustrated by the fol 
lowing attached ?gures: 
[0021] FIG. 1 shows a block diagram which schematically 
illustrates the method and/ or system according to the inven 
tion. 
[0022] FIG. 2 likewise shows a block diagram, which illus 
trates the use of an apparatus according to the invention in a 
network with decentraliZed databanks and/ or data sources for 
thematic recording and/or cataloging and/or monitoring of 
the data ?ows in the network. 
[0023] FIG. 3 shows a block diagram which illustrates the 
structure of a taxonomy table 21. 
[0024] FIG. 4 shows a block diagram which schematically 
illustrates the formation of agglomeration clusters in the tax 
onomy table. 
[0025] FIG. 5 shows a block diagram which schematically 
illustrates one example of the combination of an agglomera 
tion cluster into subject regions. 
[0026] FIG. 6 shows a block diagram which schematically 
illustrates an information map or Kohonen map. The docu 
ments to be analyZed, that is to say all of the text and/or 
language data 10 are grouped by means of the SOM tech 
nique, with constraints, by the neural network module 26 into 
a two-dimensional array of neurons (:information map). 
[0027] FIG. 7 shows a ?owchart which illustrates method 
steps for the initial analysis of document collections, as a 
so-called text mining step. 
[0028] FIG. 8 shows a scheme for the generation of clusters 
in a neuron. DocEps corresponds to a tolerance which can be 
de?ned for the maximum distance between the members of a 
cluster. 
[0029] FIGS. 1 to 6 schematically illustrate an architecture 
which can be used for implementation of the invention. 
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[0030] In this exemplary embodiment, the language and 
text analysis apparatus has at least one linguistic databank 22 
for association of linguistic terms with data records in order to 
form a search and/ or classi?cation catalog. The linguistic 
databank 22 may also include, for example, multilingual data 
records. The data records can be associated with a language 
and, for example, can be identi?ed as synonyms in the tax 
onomy table by means of a language parameter. The linguistic 
databank 22 may, for example, have an associated hash table, 
in which case linguistically linked data records in the hash 
table can be identi?ed by means of a hash value. The language 
and text analysis apparatus can be used to classify and/ or sort 
language and/or text data 10 on the basis of the data records. 
The linguistic terms comprise at least keywords and/or search 
terms. It is important to note that the language and/ or text data 
may also include data of an entirely general nature, such as 
multimedia data, that is to say inter alia digital data such as 
texts, graphics, images, maps, animations, moving images, 
video, QuickTime, audio records, programs (software), data 
accompanying programs and hyperlinks or references to mul 
timedia data. This also includes, for example, MPx (MP3) or 
MPEGx (MPEG4 or 7) Standards, as are de?ned by the 
Moving Picture Experts Group. 
[0031] The language and text analysis apparatus has a tax 
onomy table 21 with variable taxon nodes. One or more data 
records can be associated with one taxon node in the tax 
onomy table 21. Each data record has a variable signi?cance 
factor for weighting of the terms on the basis at least of ?lling 
words and/or linking words and/or keywords. The language 
and text analysis apparatus has a weighting module 23. In 
addition, a weighting parameter is stored, associated with 
each taxon node, in order to record the frequencies of occur 
rence of terms within the language and/or text data 10 to be 
classi?ed and/ or sorted. The language and/ or text analysis 
apparatus has an integration module 24 in order to determine 
a prede?nable number of agglomerates on the basis of 
weighting parameters of the taxon nodes in the taxonomy 
table 21. An agglomerate has at least one taxon node. The 
agglomerates may, for example, form an n-dimensional con 
tent space. As an exemplary embodiment, n may be chosen to 
be equal to 100, for example. The language and/ or text analy 
sis apparatus has at least one neural network module 26 for 
classi?cation and/ or sorting of the language and/ or text data 
10 on the basis of the agglomerates in the taxonomy table 21. 
The neural network module 26 may, for example, have at least 
one topological feature map (TFM), such as a self-organizing 
Kohonen map. Appropriate constraints, for example, for a 
subject group can be determined by means of de?neable 
descriptors. 
[0032] The language and text analysis apparatus may addi 
tionally have, for example, an entropy module 25 in order to 
determine an entropy parameter, which is stored in a memory 
module, on the basis of the distribution of a data record in the 
language and/or text data 10. The entropy module 25 may, for 
example, be in the form of software and/or hardware. The 
entropy parameter may, for example, be given by 

EntropyDR:In(freqsuInDR)—E FDR In(FDR)/freqsuInDR 

[0033] The results, that is to say the output, may for 
example be displayed on an output unit 28 for a user, for 
example additionally via a network 40, 41, 42. 
[0034] For the analysis and search functions, the text or 
language data to be analyZed, such as a pure text document, 
can be subdivided into the following components: a) an n-di 
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mensional vector for characterization of the thematic content 
of the document, for example n may be chosen to be equal to 
100; b) m descriptors Which are characteristic of a document 
and represent constraints for optimization. The number of 
descriptors may, for example, be m:20; c) a set of meta data, 
Which can be automatically extracted from the document, that 
is to say for example the title of the document, the author, the 
dates of publication of the document, the location or address 
of the document, such as a URL (Uni?ed Resource Location), 
File Format PDF (Portable Document Format), Microsoft 
Word, HTML (Hyper Text Markup Language), HDML 
(Handheld Device Markup Language), WML (Wireless 
Markup Language) VRML (Virtual Reality Modeling Lan 
guage), XML (Extensible Markup Language), JPEG (Joint 
Photographic Experts Group) etc., MPEG (Moving Picture 
Experts Group), number of Words and/or terms, number of 
integer and/or rational numbers, language of the majority of 
the terms in the document, additional rules or characteristics, 
etc. 

[0035] The axes of the n-dimensional content space depend 
on the thematic linking and/or on the inner links betWeen all 
of the language and/or text data 10 to be analyZed. The axes 
can sensibly be constructed such that the relevant subject 
areas of the language and/or text data 10 are reproduced as 
Well as possible, and irrelevant background (noise) is not 
displayed, or is greatly suppressed. The generation of the axes 
and the projection are based on the linguistic and, for example 
multilingual databank 22 that has been mentioned and is 
associated With a universal taxonomy and/or a universal tax 
onomy tree. Universal means that there is no need to prede?ne 
a speci?c region by means of the taxonomy before the cata 
loging and/or indexing of the text and/or language data 10. 
Until noW, this has not been possible in this Way in the prior 
art. 

[0036] Words, expressions and/or terms Which occur in a 
text document are compared With a large list of Words Which 
are stored in the linguistic databank 22. In this context, 
“terms” is intended to mean linked Words such as the expres 
sion “nuclear poWer plant”, “Commission of Human Rights”, 
or “European Patent Of?ce”. In the exemplary embodiment, 
2.2 million entries have been found to be suf?cient for a 
linguistic databank 22 such as this for the languages of 
English, French, German and Italian, although the databank 
22 may, of course, also have a greater or a lesser number of 
entries, as required. Words/terms With the same meaning 
(synonyms) can be linked for example in synonym groups 
(synsets), for example also jointly for all languages. These 
synsets are then associated With a taxon node in the hierar 
chical taxonomy table or taxonomy tree. The distribution of 
the taxon node hits (entries) for speci?c language and/or text 
data 10 or for a document to be analyZed is a reliable measure 
for its subject content. 
[0037] FIG. 3 shoWs such a structure for a taxonomy table 
21. By Way of example, entries for each language can be 
structured as folloWs: 

Column Format Content 

1 N Classi?cation code (for example 
decimal) for the taxon node 
(universal code for all languages) 

2 T35 Name ofthe taxon node 
(hyperonym/ generic term) 
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-continued 

Column Format Content 

w Nl Hierarchy level in the taxonomy tree 
4 Nl.3 Statistical Weighting ofthe node 

(governed by means of local entropy 
speci?cally for long document 
collections that are rich in content) 
Synset code (the same for all 
languages) 
Sequential number Within a synset and 
a language (0 may, for example, 
correspond to a major term Within the 
group per language) 
Type of expression or term 
(1 = noun/2 = verb/3 = adjective/ 

4 = adverb, pronouns etc/5 = name) 
Signi?cance of the expression/Word 
(0 = ?lling Word [“glue” Word]/l = loW 
signi?cance/2 = medium/3 = high/ 

4 = very high signi?cance) 
64-bit hash value for faster 
identi?cation of terms (expression 
comprising a plurality of Words) 

T35 Expression/term 
Hyperonym code (association With a 
taxon node in the taxonomy table With 
a (for example decimal) 
classi?cation) 
Language code (0 = language 
independent name/l = English/2 = German/ 

3 = French/4 = Italian) 

Flag for expressions/terms Which 
appear in more than one synset 
(synonym group)* 

O 

*The expression “gift” exists in English and German, but has a completely 
different meaning in the tWo languages. In addition, expressions exist With a 
different meaning in the same language. The English Word “?y”, for 
example is used as “?ight” or “trouser ?y”. The expression “Window” means 
an openingWindoW, but “Windows” can relate to an opening or an operating 
system. On the other hand, “Windows XP” is in turn unique. 

[0038] By Way of example, the method steps for an initial 
analysis of the language and/or text data 10 may appear as 
follows: (1) input a document, that is to say language and/or 
text data 10; (2) a ?rst estimate of the document; (3) Word 
processing: i) extraction of the expression/term. ii) compari 
son With the entries in the linguistic databank taking account 
of the appropriate language and lexicography rules for correct 
association. Generation of the synset and hyperonym codes, 
of the signi?cance and language by means of the databank. 
iii) generation of neW expressions and/or synsets for expres 
sions or terms that have not been found. iv) determination of 
the frequency of the expression/term per document. v) adap 
tation of the language, if necessary; (4) associated storage of 
the information; (5) next document or next language and/or 
text data 10. 

[0039] In order to determine the entropy and a relevance 
index per synset (synonym group), the frequency is calcu 
lated for each synset (isyn) and each language and/ or text data 
item 10 or document (idoc) on the folloWing basis: 

wordeisyn 

Where fWord:frequency of the Word in idoc; 
sigWWdIsigni?cance of the Word on the basis of the linguistic 
databank (0, . . . ,4) 
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_ min(weighted number of expressions in idoc, 500) 
n0rm(zd0c) : weighted number of expressions in idoc 

[0040] The weight is given by sigword. 
[0041] The factor norm (idoc) may be introduced, for 
example, in order to prevent very large documents from hav 
ing a dominant effect on a speci?c data link. By way of 
example, the factor may be determined empirically. 
[0042] The information-theory entropy of a synset isyn can 
thus be de?ned by: 

Emmpyisyn = logmeqwmisyn) — Z Fiwo - logmsyn/freqsumisyn 
idoc 

where: freqsumisyn : Z F;Syn0 
idoc 

[0043] A synset which appears to be well scattered over all 
of the language and/or text data items 10 and/or over all of the 
documents has a high “entropy” and will contribute little to 
distinguishing between the documents. For example, if docu 
ments/ articles in a databank from the Neuen Zurcher Zeitung 
[New Zurich Newspaper] are intended to be analyzed, it is 
obvious that “Neuen Zurcher Zeitung” will appear in all of or 
a large number of the articles without having any distinguish 
ing power for the content of the documents. For example, the 
term “Relevance Index” RI SK can be de?ned as a measure for 

a general relevance of a synset isyn by: 

RI - :freqsum my my’. 

[0044] In order to de?ne the axes of the n-dimensional 
content space (in this exemplary embodiment, n was chosen 
to be equal to 100), the relevance of a hyperonym (taxon node 
in the taxonomy table 21) is determined by integrating all of 
the text and/ or language data items 10 to be analyZed, over all 
of the relevance indices. This relevance is a measure of the 
total hit frequency of a taxon node by all of the text and/or 
language data 10. This measure indicates which subject 
region and/ or subject regions is or are predominant in a docu 
ment collection. Theoretically, each taxon node can be asso 
ciated with one axis in the content space. For example, this 
would result in a content space with a dimension of more than 
4000, which would correspond to an enormous overhead and, 
furthermore, far too many degrees of freedom for content 
determination. 
[0045] For this reason, the taxon nodes may, for example, 
be clustered, for example into n-2 (for example n—2:98) 
different clusters, for example by means of a condition that 
the accumulated relevance of the “mother node” of a cluster 
of taxon nodes and all its sub-nodes corresponds to at least 
one prede?neable threshold value (for example 0.5%) of the 
total relevance. The cluster is formed at the lowest possible 
level of the taxonomy tree or taxonomy table. This method 
can be compared, for example, with the formation of agglom 
erates in demography. Each cluster (with all of the corre 
sponding synsets which refer to it) is associated with one axis 
in the n-dimensional content space. Axis n-l is used, for 
example, for synsets which do not refer to one of the agglom 
eration clusters, and the axes n are reserved for numbers. FIG. 
4 shows, schematically, the formation of agglomeration clus 
ters such as these in the taxonomy table. 

Entropyisyn 
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[0046] Finally, for example, ntop subject regions are 
formed which are each composed of a speci?c sub-group of 
agglomeration clusters (ntop may, for example, be in the 
order of magnitude of 10 to 20). The agglomerates are formed 
in such a way that the taxon nodes of an agglomeration cluster 
which is associated with the same subject region (topics) has 
a common mother node in the hierarchy of the taxonomy 
table. The transformation rule which results from this may, 
for example, be as follows: each synset refers to one of the 
selected agglomeration clusters, corresponding to one axis in 
the content space or an axis n- 1 . A large number of synsets in 
turn refer to one of the ntop subject regions at a higher aggre 
gation level. FIG. 5 shows one example of the combination of 
an agglomeration cluster into subject regions. 
[0047] For projection of the documents to be analyZed, that 
is to say the language and/or text data 10, onto the n-dimen 
sional content space, the vector component cl- for the i-th axis 
of the content space can be de?ned for each document idoc 
by: 

where 

2 
VSymmAXiSi 

Fig/nudge) 

where Fl-Syn(idoc) is given by the above formula. 
[0048] The unit (metric) for the n-dimensional space is 
determined by means of the overall entropy of all of the synset 
which refer to one axis I(VSynsetsAm_) in which case the 
overall entropy can be determined in an analogous way to that 
for the entropy of the synsets as de?ned above. The weights g 
for the i-th component can then be determined, for example, 
by: 

gZ-II/(OVerall entropy of the i-lh component) 

[0049] This de?nition results, for example, in components 
with a low entropy (that is to say with a low degree of distri 
bution (high discrimination effect)) having a correspondingly 
high weight. 
[0050] A synset relevance value Relevl-Syn is determined for 
the choice of the In most typical descriptors of a document, 
that is to say speci?c language and/or text data 10, for each 
synset isyn in the document idoc, for example by: 

Relev. (idoc):(In(l+Fl-Sn 
Entrogynisyn 

[0051] The In synsets with the highest relevance value 
Relev may be selected, for example, as the m descriptors 
whiclisanre most typical for a document idoc. These descriptors 
which, for example, can be stored associated with their cor 
responding hyperonyms are used for cataloging and/ or index 
ing. They include the most important characteristics of a 
document even in those situations in which the projection 
onto the content space is reproduced in a non-optimal manner 
by the content of a speci?c document. 
[0052] For automated cataloging and/or indexing, the 
method mentioned above, which is based on the statistical 
and/or linguistic analysis method mentioned, is combined 
with one or more neural network modules 26. This statistical 

and/or linguistic analysis method is used, as described, to 
produce a comprehensive universal taxonomy table 21 for 
identi?cation of the subject content. In order now to provide 
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an overview of all of the text and/ or language data 10, that is 
to say of all of documents idoc to be analyzed, and in order on 
the other hand to generate a function for the similarity com 
parison, the results of the linguistic analysis are combined 
with neural network technologies. It has been found that 
so-called self-organizing map (SOM) techniques, for 
example Kohonen, can be very highly suitable. In contrast, it 
is obvious to a person skilled in the art that other neural 
network techniques may also be worthwhile or more suitable 
for speci?c applications without restricting the scope of pro 
tection of the patent in any way. 
[0053] The SOM technique can be applied to the described 
projection method for the text and/ or language data 10 to be 
analyZed, that is to say the documents idoc to the n-dimen 
sional content space (for example n:l00). Before the neural 
network iterations are started by means of the neural network 
module 26 (unsupervised learning), it is possible, for 
example, to use a rough compensation method for the group, 
in order to obtain a reliable initial estimate for the SOM 
technique. This method can considerably speed up the itera 
tion process and can minimiZe the risk of the SOM technique 
ending in a non-optimum con?guration (for example a local 
minimum). The distance between two vectors (documents 
idoc) a and b can be determined for the SOM algorithm for 
example by: 

1 

where KLGJ, is the Kullback-Leibler distance between two 
documents in the following sense, that the assignment of a 
document idoc is measured by means of a content vector c to 
a subject region jtop using 

hjmp’c : \/ Vect0rPart+ Descripli0nPart+ ErrMS 

where 

C; )2 VectorPart : 2 g; 
VComponemsj-mp 

where VComponentsj 
which refer to jtop. 

top corresponds to all of the components 

DescriplorParl : Z 
VDescriptorsj-mp 

(Relevt-syn (id0c))2 

Where, once again, vDescriptorsj-top corresponds to all of the 
descriptors which refer to jtop. ErrMS is the estimate of the 
mean square error (discrepancy) where, for example, 
ErrMS; l 0-5 . The normaliZed dimensions 

i top 

may, for example, be interpreted as probabilities of the docu 
ment idoc belonging to a speci?c subject region jtop. The 
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Kullback-Leibler distance between two documents idoc and 
kdoc with the content vectors a and b is given, for example, by 

[0054] The Kullback-Leibler part in the total distance 
includes the fact that the documents have been moved to the 
correct global region by the SOM technique. The Kullback 
Leibler part thus acts as a constraint of the SOM technique. 
The metric part in the total distance, in contrast, is responsible 
for local placing in the individual neurons in a subject region. 
The SOM technique with constraints is used to group the 
documents to be analyZed, that is to say all of the text and/or 
language data 10 by means of the neural network module 26 
in a two-dimensional array of neurons (:information map). 
FIG. 6 shows the result of an information map or Kohonen 
map such as this. The documents in a neuron are thus similar 

to one another, in terms of their subject content. The neurons 
are grouped in such a manner that they are located in the 
global subject region with which they are mainly associated, 
and neurons linked by subject are located close to one another 
(see FIG. 6 with the subject regions a, . . . ,k). 

[0055] In the comparison and assessment method, a search 
request may, for example, comprise a pair of search expres 
sions or a text document in a natural language. The search text 
may, for example, the entire content of a document, in order to 
search for similar documents in the indexed and/ or cata 
logued document collection. The search text may, however, 
also for example include only a small portion of the relevant 
document. For this reason, in some circumstances, the metric 
distance between the search text and the documents may not 
be a reliable criterion for ?nding the documents which are 
closest to the search text. A more reliable measure for the 
comparison and the hierarchical assessment is produced by 
the scalar product of the content vectors. A measure such as 
this guarantees that the common parts between the search text 
and the documents are effectively taken into account. A simi 
larity measure between the search text and a document may 
be de?ned, for example, by 

where q is the content vector of the search text, c is the content 
vector of the neuron in which the document is placed, and 
DescrSim is the measure of the similarity between the m 
descriptors of the search text and the document (for example 
m:20), as described further below. The term DescrSim com 
prises the weighted sum of different descriptorpairs, in which 
case pairs with identical descriptors in the search text and in 
the searched document can be weighted, for example, with 
100 points. Pairs with descriptors which relate to a common 
hyperonym (taxon node in the taxonomy table) may, for 
example, be weighted with 30 points, if the common taxon 
node is the direct taxon node of the descriptors, with 10 points 
if the common taxon node is a hierarchy level above this, three 
points if the common taxon node is two hierarchy levels 
above this, and one point if the common taxon node is three 
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hierarchy levels above this. With Relevl-Syn( ) as the relevance 
value of the descriptors in a document, it is possible, for 
example, to determine that: 

. O-OI . . . . . . 

DescrSim : S— 2 (Weighting for pairs zsynl / zsynz) - weigh 

Where 

welghrisynbisynz 

Pairs 

: Relevt-synl (Search text) - Relevt-syn2 (Document) 

Where m1:number of matching pairs (ml<m). The scalar 
products in the similarity measure as de?ned above corre 
sponds to the similarity betWeen a neuron (partial collection 
of the documents) and the search text. The term DescrSim 
quanti?es the details for the individual documents in a given 
neuron. The factor “0.01” in the de?nition of DescrSim may, 
for example, be determined on an empirical basis. For 
example, it can be determined in such a manner that the scalar 
product (cross positioning) and the individual extensions 
(DescrSim) are split into a balanced form. 
[0056] The comparison method is clear for the comparison 
and the assessment With the similarity measure as de?ned 
above. For example, nDoc documents are found Which are 
closest to a speci?c search text. First of all, the subarea With 
the neurons With the highest scalar products is looked for until 
the number of selected documents exceeds, for example, the 
limit value of 3~nDoc. The selected documents are then sorted 
on the basis of their similarity values (including the extension 
DescrSim) in decreasing order. The ?rst nDoc documents 
form the desired documents in the assessment order. In the 
situation in Which the subject search does not result in any 
sense, that is to say for example if the search request is 
composed of only a feW Words, Which do not contribute to any 
distinguishing content, the selection can be made by, for 
example, using the search index for the individual synsets 
Within a document. The similarity measure de?ned further 
above may, for example, extend from 0 to 2. The transforma 
tion to a Weighting percentage can be achieved, for example, 
using: 

-100% 
, , Similarity 1/3 Weighting percentage : [ J 

[0057] The identi?cation of document derivatives means 
the identi?cation of clusters of documents Whose content is 
virtually identical. By Way of example, these may be different 
copies of the same document With minor changes, such as 
those Which may apply to patent texts in a patent family, 
Whose text and/ or scope of protection may vary slightly from 
one country to another. The apparatus according to the inven 
tion and/or the method alloW/alloWs the automated identi? 
cation of document clusters With virtually identical docu 
ments. Furthermore, this makes it possible to suppress older 
document versions, and may be a tool in order to manage 
document collections such as these and to keep them up to 
date (for example by means of a regular clean-up). 
[0058] In the case of cluster identi?cation, the similarity 
measure Which is used for comparison and/or Weighting of 
the documents for a search text, may in certain circumstances 
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not produce satisfactory results to discover document clusters 
such as these. For document clustering, the distance betWeen 
tWo documents idocl and idoc2 With their content vectors a 
and b is measured by 

. a; hi 2 . 
DOCDZSI : g;[— — —] + DescrDist 

llall llbll 
I 

Where DescrDist is the Weighted sum of the derivative of the 
descriptors. In this case, for example, it is possible to deter 
mine that matching descriptor pairs from tWo sets of m 
descriptors (for example m:20) contribute nothing, While 
non-matching descriptor pairs are Weighted With one point if 
they have one direct common taxon node, With tWo points if 
they have one common taxon node in a hierarchy level above 
this, and ?ve points for the other cases. Using Relevisyn( ) as 
the relevance value of the descriptor Within a document, it is 
possible, for example, to determine that: 

0.1 
D D' I: escr [S D 2 (Result for pairs isynl /isyn2) 

Where 

Fair; 

[0059] The factor “0.1” in the de?nition of DescDist may, 
for example, be determined empirically, for example by 
Weighting the metric distance and the derivatives of the 
descriptors in a balanced manner With respect to one another. 
[0060] The SOM algorithm With constraints guarantees 
that the candidates for a speci?c document cluster are placed 
in the same neuron. This makes it possible to achieve the 
clustering for each neuron individually. For example, as 
described above, the distance matrix can be determined (sym 
metrical matrix With all Zero elements on the diagonal) With 
DocDist for the documents Within one neuron. FIG. 8 shoWs 
a scheme for the generation of clusters in one neuron. DocEps 
corresponds to a tolerance Which can be de?ned for the maxi 
mum distance betWeen the members of a cluster. 
[0061] It should be noted that the present invention can be 
used not only as a language and text analysis apparatus 20 for 
the formation of a search and/or classi?cation catalog. The 
applications are Wide, for any point of vieW. For example, it is 
thus possible to automatically identify data Within one or 
more netWorks 40, 41, 42, such as the Internet, and to asso 
ciate them With one region. Until noW, this has not been 
possible in the prior art since the use of a universal taxonomy 
table Was not possible in conjunction With automated cata 
loging and/ or indexing. The communication netWorks 40, 41, 
42 are in the form, for example, of a GSM netWork or a UMTS 
netWork, or a satellite-based mobile radio netWork, and/or 
one or more landline netWorks, for example the public 
sWitching telephone netWork, the WorldWide Internet or a 
suitable LAN (Local Area NetWork) or WAN (Wide Area 
NetWork). In particular, this also includes ISDN and XDSL 
links. Users may, for example, access the one or more net 
Works 40, 41, 42 by means of any netWork-compatible termi 
nals 30, 31, 32, 33, such as any CPE (Customer Premise 
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Equipments), Personal Computers 30, laptops 31, PDAs 32, 
mobile radio devices 33, etc. Nowadays, the apparatus can in 
fact be used, for example, not only to ?nd speci?c data, but 
also for automated monitoring and/ or control of data ?oWs in 
netWorks. For example, the invention can thus also be used for 
antiterrorism purposes (for example early identi?cation of an 
act of terror) or for combating other criminality over the 
Internet (for example racism, pedophilia, etc.). 

1-22. (canceled) 
23. A language and text analysis apparatus for formation of 

a search and/or classi?cation catalog, comprising: 
at least one linguistic databank for association of linguistic 

terms With data records, in Which case the language and 
text analysis apparatus can be used to classify and/or to 
sort language and/or text data corresponding to the data 
records, and in Which the linguistic terms comprise at 
least keyWords and/ or search terms, 

Wherein: 
the language and text analysis apparatus includes a tax 
onomy table With variable taxon nodes on the basis of 
the linguistic databank, in Which case one or more data 
records can be associated With one taxon node in the 
taxonomy table, and in Which case each data record 
includes a variable signi?cance factor for Weighting of 
terms on the basis of at least ?lling Words and/ or linking 
Words and/ or keyWords, 

the language and text analysis apparatus includes a Weight 
ing module, in Which a Weighting parameter for record 
ing of frequencies of occurrence of terms Within the 
language and/or text data to be sorted and/ or to be clas 
si?ed is additionally stored associated With each taxon 
node, 

the language and/ or text analysis apparatus includes an 
integration module for determination of a prede?nable 
number of agglomerates on the basis of the Weighting 
parameters of the taxon nodes in the taxonomy table, 
With one agglomerate including at least one taxon node, 
and 

the language and/or text analysis apparatus includes at 
least one neural netWork module for classi?cation and/ 
or for sorting of the language and/or text data on the 
basis of the agglomerates in the taxonomy table. 

24. The language and text analysis apparatus as claimed in 
claim 23, Wherein the neural netWork module includes at least 
one self-organiZing Kohonen map. 

25. The language and text analysis apparatus as claimed in 
claim 23, Wherein the language and text analysis apparatus 
includes an entropy module for determination of an entropy 
parameter, Which can be stored in a memory module, on the 
basis of distribution of a data record in the language and/or 
text data. 

26. The language and text analysis apparatus as claimed in 
claim 23, Wherein the linguistic databank includes multilin 
gual data records. 

27. The language and text analysis apparatus as claimed in 
claim 23, Wherein the language and text analysis apparatus 
includes a hash table that is associated With the linguistic 
databank in Which case a hash value can be used to identify 
linguistically linked data records in the hash table. 

28. The language and text analysis apparatus as claimed in 
claim 23, Wherein a language parameter can be used to asso 
ciate the data records With a language and can be identi?ed as 
a synonym in the taxonomy table. 
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29. The language and text analysis apparatus as claimed in 
claim 23, Wherein the entropy parameter is given by: 

EntropyDR:In(freqsuInDR)—E FDR In(FDR)/freqsuInDR 

in Which freqsumZ-SWIZ Fl-Syn( ) and Fl-Syn is the frequency 
for each synonym group and each item of language 
and/ or text data. 

30. The language and text analysis apparatus as claimed in 
claim 23, Wherein the agglomerates form an n-dimensional 
content space. 

31. The language and text analysis apparatus as claimed in 
claim 30, Wherein n is equal to 100. 

32. The language and text analysis apparatus as claimed in 
claim 23, Wherein the language and text analysis apparatus 
includes descriptors by Which constraints that correspond to 
de?nable descriptors can be determined for a subject group. 

33. An automated language and text analysis method for 
formation of a search and/or classi?cation catalog, With a 
linguistic databank being used to record data records and to 
classify and/or sort language and/or text data on the basis of 
the data records, Wherein: 

the data records in the linguistic databank are stored asso 
ciated With a taxon node in a taxonomy table, With each 
data record including a variable signi?cance factor for 
Weighting of terms based at least on ?lling Words and/or 
linking Words and/or keyWords, 

the language and/or text data is recorded on the basis of the 
taxonomy table, With the frequency of individual data 
records in the language and/or text data being deter 
mined by a Weighting module and being associated With 
a Weighting parameter for the taxon node, 

an integration module is used to determine a determinable 
number of agglomerates in the taxonomy table on the 
basis of the Weighting parameters of one or more taxon 

nodes, 
a neural netWork module is used to classify and/ or sort the 

language and/or text data on the basis of the agglomer 
ates in the taxonomy table. 

34. The automated language and text analysis method as 
claimed in claim 33, Wherein the neural netWork module 
includes at least one self-organiZing Kohonen map. 

35. The automated language and text analysis method as 
claimed in claim 33, Wherein an entropy module is used to 
determine an entropy factor on the basis of distribution of a 
data record in the language and/or text data. 

36. The automated language and text analysis method as 
claimed in claim 33, Wherein the linguistic databank includes 
multilingual data records. 

37. The automated language and text analysis method as 
claimed in claim 33, Wherein a hash table is stored associated 
With the linguistic databank, With the hash table including an 
identi?cation of linked data records by a hash value. 

38. The automated language and text analysis method as 
claimed in claim 33, Wherein the data records can be associ 
ated With a language and can be Weighted synonymously in 
the taxonomy table by a language parameter. 

39. The automated language and text analysis method as 
claimed in claim 33, Wherein the entropy factor is given by the 
term 

EntropyDR:In(freqsuInDR)—E FDR In(FDR)/freqsuInDR 

in Which freqsumZ-SWIZ FDR( ) and Fl-Syn is the frequency for 
each synonym group and each item of language and/or 
text data. 
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40. The automated language and text analysis method as 
claimed in claim 33, Wherein the agglomerates form an n-di 
mensional content space. 

41. The automated language and text analysis method as 
claimed in claim 40, Wherein n is equal to 100. 

42. The automated language and text analysis method as 
claimed in claim 33, Wherein de?nable descriptors can be 
used to determine corresponding constraints for a subject 
group. 

43. A computer program product on a computer-readable 
medium With computer program code means contained 
therein to control one or more processors in a computer-based 
system for automated language and text analysis by forma 
tion of a search and/or classi?cation catalog, With data 
records being recorded on the basis of a linguistic databank, 
and With language and/or text data being classi?ed and/or 
sorted on the basis of the data records, 

Wherein: 
the computer program product can be used to store the data 

records in the linguistic databank associated With a 
taxon node in a taxonomy table, With each data record 
including a Variable signi?cance factor for Weighting of 
terms on the basis at least of ?lling Words and/ or linking 
Words and/ or keyWords, 
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the computer program product can be used to record the 
language and/or text data on the basis of the taxonomy 
table, With frequency of individual data records in the 
language and/or text data determining a Weighting 
parameter for the taxon nodes, 

the computer program product can be used to determine a 
determinable number of agglomerates in the taxonomy 
table on the basis of the Weighting parameter of one or 

more taxon nodes, 

the computer program product can be used to generate a 
neural network, Which can be used to classify and/ or sort 
the language and/or text data on the basis of the agglom 
erates in the taxonomy table, the language, and/or text 
data. 

44. A computer program product Which can be loaded in an 
internal memory of a digital computer and includes softWare 
code sections by Which the operation as claimed in claim 33 
can be carried out When the product is run on a computer, in 
Which case the neural netWorks can be generated With soft 
Ware and/or hardWare. 

* * * * * 


