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Abstract. With the increasing amount of information available in elec-
tronic document collections, methods for organizing these collections to al-
low topic-oriented browsing and orientation gain increasing importance. The
SOMLib digital library system provides such an organization based on the
Self-Organizing Map, a popular neural network model by producing a map of
the document space. However, hierarchical relations between documents are
hidden in the display. Moreover, with increasing size of document archives
the required maps grow larger, thus leading to problems for the user in find-
ing proper orientation within the map. In this case, a hierarchically struc-
tured representation of the document space would be highly preferable.

In this paper, we present the Growing Hierarchical Self-Organizing Map, a
dynamically growing neural network model, providing a content-based hi-
erarchical decomposition and organization of document spaces. This archi-
tecture evolves into a hierarchical structure according to the requisites of
the input data during an unsupervised training process. A recent enhance-
ment of the training process further ensures proper orientation of the various
topical partitions. This facilitates intuitive navigation between neighboring
topical branches. The benefits of this approach are shown by organizing a
real-world document collection according to semantic similarities.

1 Introduction

With the increasing amount of textual information stored in digital libraries, means
to organize and structure this information have gained importance. Specifically
an organization by content, allowing topic-oriented browsing of text collections,
provides a highly intuitive approach to exploring document collections. As one of
the most successfull methods applied in this field we find the Self-Organizing Map
(SOM) [5], a popular unsupervised neural network model, which is frequently being
used to provide a map-based representation of document archives [7, 2, 10, 6]. In such
a representation, documents on similar topics are located next to each other. The



obvious benefit for the user is that navigation in the document archive is similar
to the well-known task of navigating in a geographical map. With the SOMLib
digital library [9] we developed a system using the SOM as its core module to
provide content-based access to document archives. This allows the user to obtain
an overview of the topics covered in a collection, and their importance with respect
to the amount of information present in each topical section.

While these characteristics made the SOM a prominent tool for organizing doc-
ument collections, most of the research work aims at providing one single map
representation for the complete document archive. As a consequence, hierarchical
relations between documents are lost in the display. Moreover, it is only natural
that with increasing size of the document archive the maps for representing the
archive grow larger, thus leading to problems for the user in finding proper orienta-
tion within the map. We believe that the representation of hierarchical document
relations is vital for the usefulness of map-based document archive visualization
approaches.

In this paper we argue in favor of establishing such a hierarchical organization of
the document space based on a novel neural network architecture, the Growing Hi-
erarchical Self-Organizing Map (GHSOM) [3]. The distinctive feature of this model
is its problem dependent architecture which develops during the unsupervised train-
ing process. Starting from a rather small high-level SOM, which provides a coarse
overview of the various topics present in a document collection, subsequent layers
are added where necessary to display a finer subdivision of topics. Each map in
turn grows in size until it represents its topic to a sufficient degree of granularity.
Since usually not all topics are present equally strong in a collection, this leads
to an unbalanced hierarchy, assigning more “map-space” to topics that are more
prominent in a given collection. This allows the user to approach and intuitively
browse a document collection in a way similar to conventional libraries.

The hierarchical structuring imposed on the data represents a rather strong sep-
aration of clusters mapped onto different branches. While this is a highly desireable
characteristic helping in understanding the topical cluster structure in large data
sets, it may lead to misinterpretations when long-streched clusters are mapped and
expanded on two neighboring, yet different units of the SOM. This can be alleviated
by ensuring proper orientation of the maps in the various branches of the hierar-
chy, allowing navigation between branches. We present the the benefits of such a
hierarchical organization of digital libraries, as well as the stability of the process
using a set of experiments based on a collection of newspaper articles from the daily
Austrian newspaper Der Standard. Specifically, we compare two different represen-
tations of the topical hierarchy of this archive resulting from different parameter
settings.

The remainder of this paper is organized as follows. In Section 2 we provide a
brief review of related architectures followed by a description of the principles of
the SOM and GHSOM training in Section 3. Subsequently, we provide a detailed
discussion of our experimental results in Section 4 as well as some conclusions in
Section 5.



2 Related Work

A number of extensions and modifications have been proposed over the years in order
to enhance the applicability of SOMs to data mining, specifically inter- and intra-
cluster similarity identification. The Hierarchical Feature Map(HFM) [8] addresses
the problem of hierarchical data representation by modifying the SOM architecture.
Instead of training a flat SOM, a balanced hierarchical structure of SOMs is trained.
Data mapped onto one single unit is represented at a further level of detail in the
lower-level map assigned to this unit. However, this model merely represents the
data in a hierarchical way, rather than really reflecting the hierarchical structure
of the data. This is due to the fact that the architecture of the network has to be
defined in advance, i.e. the number of layers and the size of the maps at each layer is
fixed prior to network training. This leads to the definition of a balanced tree which
is used to represent the data. What we want, however, is a network architecture
definition based on the actual data presented to the network.

The shortcoming of having to define the size of the SOM in advance has been
addressed in several models, such as the Incremental Grid Growing (IGG) [1] or
Growing Grid(GG) [4] models. The former allows the adding of new units at the
boundary of the map, while connections within the map may be removed according
to some threshold settings, possibly resulting in several separated, irregular map
structures. The latter model, on the other hand, adds rows and columns of units
during the training process, starting with an initial 2 x 2 SOM. This way the
rectangular layout of the SOM grid is preserved.

3 Content-Based Organization of Text Archives

3.1 Feature Extraction

In order to allow content-based classification of documents we need to obtain a
representation of their content. One of the most common representations uses word
frequency counts based on full text indexing. A list of all words present in a doc-
ument collection is created to span the feature space within which the documents
are represented. While hand-crafted stop word lists allow for specific exclusion of
frequently used words, statistical measures may be used to serve the same purpose
in a more automatic way. For our experiments we thus remove all words that appear
either in too many documents within a collection (e.g. say in more than 50% of all
documents) or in too few (say, less than 5 documents) as these words do not con-
tribute to content representation. The words are further weighted according to the
standard tf X idf, i.e. term frequency times inverse document frequency, weighting
scheme [11]. This weighting scheme assigns high values to words that are considered
important for content representation. The resulting feature vectors may further be
used for SOM training.

3.2 Self-Organizing Map

The Self-Organizing Map is an unsupervised neural network providing a mapping
from a high-dimensional input space to a usually two-dimensional output space



while preserving topological relations as faithfully as possible. The SOM consists of
a set of 7 units arranged in a two-dimensional grid, with a weight vector m; € R"
attached to each unit. Elements from the high dimensional input space, referred
to as input vectors x € R", are presented to the SOM and the activation of each
unit for the presented input vector is calculated using an activation function. Com-
monly, the Euclidean distance between the weight vector of the unit and the input
vector serves as the activation function. In the next step the weight vector of the
unit showing the highest activation (i.e. the smallest Euclidean distance) is selected
as the ‘winner’ and is modified as to more closely resemble the presented input
vector. Pragmatically speaking, the weight vector of the winner is moved towards
the presented input signal by a certain fraction of the Euclidean distance as indi-
cated by a time-decreasing learning rate «. Thus, this unit’s activation will be even
higher the next time the same input signal is presented. Furthermore, the weight
vectors of units in the neighborhood of the winner as described by a time-decreasing
neighborhood function € are modified accordingly, yet to a less strong amount as
compared to the winner. This learning procedure finally leads to a topologically
ordered mapping of the presented input signals. Similar input data is mapped onto
neighboring regions on the map.

3.3 Growing Hierarchical Self-Organizing Map

The key idea of the GHSOM is to use a hierarchical structure of multiple layers
where each layer consists of a number of independent SOMs. One SOM is used at
the first layer of the hierarchy. For every unit in this map a SOM might be added
to the next layer of the hierarchy. This principle is repeated with the third and any
further layers of the GHSOM.

Since one of the shortcomings of SOM usage is its fixed network architecture
we rather use an incrementally growing version of the SOM. This relieves us from
the burden of predefining the network’s size, which is rather determined during the
unsupervised training process. We start with a layer 0, which consists of only one
single unit. The weight vector of this unit is initialized as the average of all input
data. The training process then basically starts with a small map of 2 X 2 units in
layer 1, which is self-organized according to the standard SOM training algorithm.

This training process is repeated for a fixed number A of training iterations.
Ever after \ training iterations the unit with the largest deviation between its
weight vector and the input vectors represented by this very unit is selected as the
error unit. In between the error unit and its most dissimilar neighbor in terms of
the input space either a new row or a new column of units is inserted. The weight
vectors of these new units are initialized as the average of their neighbors.

An obvious criterion to guide the training process is the quantization error ¢;,
calculated as the sum of the distances between the weight vector of a unit ¢ and the
input vectors mapped onto this unit. It is used to evaluate the mapping quality of a
SOM based on the mean quantization error (MQE) of all units in the map. A map
grows until its MQF is reduced to a certain fraction 77 of the g; of the unit ¢ in the
preceding layer of the hierarchy. Thus, the map now represents the data mapped
onto the higher layer unit ¢ in more detail.



layer 3

Fig.1. GHSOM reflecting the hierarchical structure of the input data.

As outlined above the initial architecture of the GHSOM consists of one SOM.
This architecture is expanded by another layer in case of dissimilar input data being
mapped on a particular unit. These units are identified by a rather high quantization
error ¢; which is above a threshold 7. This threshold basically indicates the desired
granularity level of data representation as a fraction of the initial quantization error
at layer 0. In such a case, a new map will be added to the hierarchy and the input
data mapped on the respective higher layer unit are self-organized in this new map,
which again grows until its MQFE is reduced to a fraction 71 of the respective higher
layer unit’s quantization error g;.

A graphical representation of a GHSOM is given in Figure 1. The map in layer 1
consists of 3 X 2 units and provides a rough organization of the main clusters in
the input data. The six independent maps in the second layer offer a more detailed
view on the data. Two units from one of the second layer maps have further been
expanded into third-layer maps to provide sufficiently granular data representation.

Depending on the desired fraction 71 of MQFE reduction we may end up with
either a very deep hierarchy with small maps, a flat structure with large maps, or
— in the most extreme case — only one large map, which is similar to the Growing
Grid. The growth of the hierarchy is terminated when no further units are available
for expansion. It should be noted that the training process does not necessarily lead
to a balanced hierarchy in terms of all branches having the same depth. This is
one of the main advantages of the GHSOM, because the structure of the hierarchy
adapts itself according to the requirements of the input space. Therefore, areas in
the input space that require more units for appropriate data representation create
deeper branches than others.

The growth process of the GHSOM is mainly guided by the two parameters 71
and 72, which merit further consideration.

— 79: Parameter 75 controls the minimum granularity of data representation, i.e. no
unit may represent data at a coarser granularity. If the data mapped onto one
single unit still has a larger variation a new map will be added originating from
this unit, representing this unit’s data in more detail at a subsequent layer.



This absolute granularity of data representation is specified as a fraction of the
inherent dissimilarity of the data collection as such, which is expressed in the
mean quantization error of the single unit in layer 0 representing all data points.
If we decide after the termination of the training process, that a yet more
detailed representation would be desirable, it is possible to resume the training
process from the respective lower level maps, continuing to both grow them
horizontally as well as to add new lower level maps until a stricter quality
criterion is satisfied. This parameter thus represents a global termination and
quality criterion for the GHSOM.

— 71: This parameter controls the actual growth process of the GHSOM . Basically,
hierarchical data can be represented in different ways, favoring either (a) lower
hierarchies with rather detailed refinements presented at each subsequent layer,
or (b) deeper hierarchies, which provide a stricter separation of the various
sub-clusters by assigning separate maps.

In the first case we will prefer larger maps in each layer, which explain larger
portions of the data in their flat representation, allowing less hierarchical struc-
turing. In the second case, however, we will prefer rather small maps, each of
which describes only a small portion of the characteristics of the data, and
rather emphasize the detection and representation of hierarchical structure.
Thus, the smaller the parameter 77, the larger will be the degree to which the
data has to be explained at one single map. This results in larger maps as the
map’s mean quantization error (MQE) will be lower the more units are available
for representing the data. If 7 is set to a rather high value, the MQFE does not
need to fall too far below the mge of the upper layer’s unit it is based upon.
Thus, a smaller map will satisfy the stopping criterion for the horizontal growth
process, requiring the more detailed representation of the data to be performed
in subsequent layers.

In a nutshell we can say, that, the smaller the parameter value 77, the more
shallow the hierarchy, and that, the lower the setting of parameter 75, the larger
the number of units in the resulting GHSOM network will be.

In order to provide a global orientation of the individual maps in the various
layers of the hierarchy, their orientation must conform to the orientation of the data
distribution on their parents’ maps. This can be achieved by creating a coherent
initialization of the units of a newly created map, i.e. by adding a fraction of the
weight vectors in the neighborhood of the parent unit. This initial orientation of
the map is preserved during the training process. By providing a global orientation
of all maps in the hierarchy, potentially negative effects of splitting a large cluster
into two neighboring branches can be alleviated, as it is possible to navigate across
map boundaries to neighboring maps.

4 Two Hierarchies of Newspaper Articles

For the experiments presented hereafter we use a collection of 11,627 articles from
the Austrian daily newspaper Der Standard covering the second quarter of 1999.



To be used for map training, a vector-space representation of the single documents
is created by full-text indexing. Instead of defining language or content specific stop
word lists, we rather discard terms that appear in more than 813 (7%) or in less
than 65 articles (0.56%). We end up with a vector dimensionality of 3,799 unique
terms. The 11,627 articles thus are represented by automatically extracted 3,799-
dimensional feature vectors of word histograms weighted by a tf X idf weighting
scheme and normalized to unit length.

4.1 Deep Hierarchy

Training the GHSOM with parameters 7y = 0.07 and 7 = 0.0035 results in a
rather deep hierarchical structure of up to 13 layers.! The layer 1 map depicted in
Figure 2(a) grows to a size of 4 x 4 units, all of which are expanded at subsequent
layers. Among the well separated main topical branches we find Sports, Culture,
Radio- and TV programs, the Political Situation on the Balkan, Internal Affairs,
Business, or Weather Reports, to name but a few. These topics are clearly iden-
tifiable by the automatically extracted keywords using the LabelSOM technique
[10], such as weather, sun, reach, degrees for the section on Weather Reports®. The
branch of articles covering the political situation on the Balkan is located in the up-
per left corner of the top-layer map labeled with Balkan, Slobodan Milosevic, Serbs,
Albanians, UNO, Refugees, and others.

We find the branch on Internal Affairs in the lower right corner of this map
listing the three largest political parties of Austria as well as two key politicians
as labels. This unit has been expanded to form a 4 x 4 map in the second layer
as shown in Figure 2(b). The upper left area of this map is dominated by articles
related to the Freedom Party, whereas, for example, articles focusing on the Social
Democrats are located in the lower left corner. Other dominant clusters on this map
are Neutrality, or the elections to the Furopean Parliament, with one unit carrying
specifically the five political parties as well as the term FElection as labels. Two units
of this second layer map are further expanded in a third layer, such as, for example,
the unit in the lower right corner representing articles related to the coalition of the
People’s Party and the Social Democrats. These articles are represented in more
detail by a 3 x 4 map in the third layer.

4.2 Shallow Hierarchy

To show the effects of different parameter settings we trained a second GHSOM
with 7 set to half of the previous value (71 = 0.035), while 72, i.e. the absolute
granularity of data representation, remained unchanged. This leads to a more shal-
low hierarchical structure of only up to 7 layers, with the layer 1 map growing to a
size of 7 x 4 units. Again, we find the most dominant branches to be, for example,
Sports, located in the upper right corner of the map, Internal Affairs in the lower
right corner, Internet-related articles on the left hand side of the map, to name but
a few. However, due to the large size of the resulting first layer map, a fine-grained

! The maps are available for interactive exploration at http://www.ifs.tuwien.ac.at/
~andi/somlib/experiments_standard
2 We provide English translations for the original German labels.
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Fig. 2. Top and second level map.

representation of the data is already provided at this layer. This results in some
larger clusters to be represented by two neighboring units already at the first layer,
rather than being split up in a lower layer of the hierarchy. For example, we find
the cluster on Internal Affairs to be represented by two neighboring units. One of
these, on position (6/4), covers solely articles related to the Freedom Party and its
political leader Jérg Haider, representing one of the most dominant political topics
in Austria for some time now, resulting in an accordingly large number of news
articles covering this topic. The neighboring unit to the right, i.e. located in the
lower right corner on position (7/4), covers other Internal Affairs, with one of the
main topics being the elections to the European Parliament. Figure 3 shows these
two second-layer maps.

However, we also find, articles related to the Freedom Party on this second
branch covering the more general Internal Affairs, reporting on their role and cam-
paigns for the elections to the European Parliament. As might be expected these are
closely related to the other articles on the Freedom Party, which are located in the
neighboring branch to the left. Obviously, we would like them to be presented on the
left hand side of this map, so as to allow the transition from one map to the next,
with a continuous orientation of topics. Due to the initialization of the added maps
during the training process, this continuous orientation is preserved, as can easily
be seen from the automatically extracted labels provided in Figure 3. Continuing
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Fig. 3. Two neighboring second-layer maps on Internal Affairs

from the second layer map of unit (6/4) to the right we reach the according second
layer map of unit (7/4), where we first find articles focusing on the Freedom Party,
before moving on to the Social Democrats, the People’s Party, the Green Party and
the Liberal Party.

We thus find the global orientation to be well preserved in this map. Even though
the cluster of Internal Affairs is split into two dominant sub-clusters in the more
shallow map, the articles are organized correctly on the two separate maps in the
second layer of the map. This allows the user to continue his exploration across map
boundaries. For this purpose, the labels of the upper layers neighboring unit may
serve as a general guideline as to which topic is covered by the neighboring map.
In the deeper hierarchy, these two sub-clusters are represented within one single
branch in the second layer of the map, covering the upper and the lower area of the
map, respectively.

5 Conclusions

Automatic topical organization is crucial for providing intuitive means of exploring
unknown document collections. While the SOM has proven capable of handling
the complexities of content-based document organization, its applicability is lim-
ited, firstly, by the size of the resulting map, as well as secondly, by the fact that
hierarchical relations between documents are lost within the map display.

In this paper we have argued in favour of a hierarchical representation of doc-
ument archives. Such an organization provides a more intuitive means for explor-
ing and understanding large information spaces. The Growing Hierarchical Self-
Organizing Map (GHSOM) has shown to provide this kind of representation by
adapting both its hierarchical structure as well as the sizes of each individual map



to represent data at desired levels of granularity. It fits its architecture according to
the requirements of the input space, reliefing the user from having to define a static
organization prior to the training process.

Multiple experiments have shown both its capabilities of hierarchically orginzing
document collection according to their topics, as well as the benefits of providing
a better overview of, especially, larger collections, where single map-based repre-
sentations tend to become unacceptably large. Furthermore, by preserving a global
orientation of the individual maps, navigation between neighboring maps is facili-
tated. The presented model thus allows the user to intuitively explore an unknown
document collection by browsing through the topical sections.
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