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Abstract

The Self-Organizing Map is a very popular unsu-
pervised neural network model for the analysis of
high-dimensional input data as in data mining ap-
plications. However, at least two limitations have
to be noted, which are related, on the one hand,
to the static architecture of this model, as well as,
on the other hand, to the limited capabilities for
the representation of hierarchical relations of the
data. With our novel Growing Hierarchical Self-
Organizing Map presented in this paper we ad-
dress both limitations. The Growing Hierarchical
Self-Organizing Map is an artificial neural network
model with hierarchical architecture composed of
independent growing self-organizing maps. The mo-
tivation was to provide a model that adapts its ar-
chitecture during its unsupervised training process
according to the particular requirements of the in-
put data. Furthermore, by providing a global ori-
entation of the independently growing maps in the
individual layers of the hierarchy, navigation across
branches is facilitated. The benefits of this novel
neural network are first, a problem-dependent ar-
chitecture, and second, the intuitive representation
of hierarchical relations in the data. This is espe-
cially appealing in explorative data mining applica-

tions, allowing the inherent structure of the data to

unfold in a highly intuitive fashion.
Keywords: Self-Organizing Map (SOM), Data
Mining, Hierarchical Clustering, Exploratory Data

Analysis, Pattern Recognition.

1 Introduction

Data mining, or more generally, pattern recognition
and knowledge acquisition, heavily depend on suit-
able unsupervised learning methods. The purpose
of these methods is to develop an optimal partition-
ing, i.e. clustering, of the data set to be analyzed.
Cluster analysis is the organization of a collection of
patterns, which are usually represented as vectors
of measurements or points in a multidimensional
space, into clusters based on similarity. Intuitively,
patterns within a valid cluster are more similar to
each other than to a pattern belonging to a different
cluster [1]. In other words, the objective of unsuper-
vised learning methods in data mining applications
is to identify groupings in an unlabeled set of data
vectors that share semantic similarities. This helps
the user to build a cognitive model of the data, thus
fostering the detection of the inherent structure and
the interrelationship of data. However, in many ap-
plications little to no prior information about un-

derlying models for the data is available. In such a



situation clustering provides a particularly appro-
priate approach to the analysis of data.

The Self-Organizing Map (SOM) is being widely
used as a tool for mapping high-dimensional data
into a two-dimensional representation space [2].
This mapping retains the relationship between in-
put data as faithfully as possible, thus describing
a topology-preserving representation of input simi-
larities in terms of distances in the output space. It
is then possible to visually identify clusters on the
map. The main advantage of such a mapping is the
ease by which a user gains an idea regarding the
structure of the data by analyzing the map.

However, some difficulties in SOM utilization
remained largely untouched, even though a large
number of research papers on applications of the
SOM were presented over the years [3]. First, the
SOM wuses a fixed network architecture in terms of
number and arrangement of neural processing ele-
ments, which has to be defined prior to training.
Obviously, in case of largely unknown input data
characteristics, it remains far from trivial to deter-
mine the network architecture that provides satisfy-
ing results. Thus, it certainly is worth considering
neural network models that determine the number
and arrangement of units during their unsupervised
training process. We refer to [4, 5, 6] for recently
proposed models that are based on the SOM , yet al-
low for adaptation of the network architecture dur-
ing training.

Second, hierarchical relations between the input
data are not mirrored in a straight-forward fashion.
Such relations are rather shown within the same
representation space and are thus hard to identify.
Hierarchical relations, however, may be observed
in a wide spectrum of application domains. Thus,
their proper identification remains a highly impor-
tant data mining task that cannot be addressed con-
veniently within the framework of the SOM.

To resolve both limitations of the SOM in a uni-
form fashion we propose a novel artificial neural net-
work architecture in this paper, namely the Grow-
ing Hierarchical Self-Organizing Map (GHSOM).
This model has a hierarchical architecture, where

SOM-like neural networks with adaptive architec-

ture build the various layers of the hierarchy. The
size of these SOM-like neural networks as well as
the depth of the hierarchy of the GHSOM is de-
termined during its unsupervised training process
according to the structure of the data.

The hierarchical structuring imposed on the data
results in a separation of clusters mapped onto dif-
ferent branches. While this, in principle, is a desir-
able characteristic helping to understand the cluster
structure of the data, it may lead to misinterpre-
tations when large clusters are mapped onto and
expanded from two neighboring, yet different units.
Similar input data might thus be rather arbitrarily
separated into different branches of the hierarchy.
By choosing the initial orientation of deeper lay-
ers according to their respective higher-layer maps
we can maintain the already learned similarities be-
tween input data during the creation of the hierar-
chical structure of the GHSOM . As a consequence,
the negative effects of generating strictly disjoint
clusters are eliminated because neighboring maps
in deeper layers of the hierarchy show similar char-
acteristics at their respective borders.

We show the usefulness of the Growing Hierar-
chical Self-Organizing Map with an application in
document archive organization. Document archives
represent a convenient application scenario because
they are, by their very nature, represented as high-
dimensional data. In particular, we show the re-
sults from two experiments. The first one is based
on the TIME Magazine collection. This collection
comprises 420 articles from the TIME Magazine,
covering a variety of topics ranging from interna-
tional politics to social gossip. The second experi-
ment is based on a much larger document collection
of more than 10,000 articles from the daily Austrian
newspaper Der Standard.

The remainder of the paper is structured as
follows: Section 2 provides an introduction to
the architecture and training process of the Self-
Organizing Map, followed by a review of related ar-
chitectures in Section 3. The GHSOM architecture
is introduced and presented in detail in Section 4.
Two different data sets are used to demonstrate
the characteristics and capabilities of the GHSOM



model in Section 5, starting with the smaller TIME
Magazine collection in Section 5.1, followed by the
more extensive collection of articles from the news-
paper Der Standard in Section 5.2. Some remarks

conclude the paper in Section 6.

2 The Self-Organizing Map

The Self-Organizing Map (SOM), as proposed in [2]
and described thoroughly in [7, 8, 9] is one of the
most distinguished artificial neural network mod-
els adhering to the unsupervised learning paradigm.
The SOM is a general unsupervised tool for the or-
dering of high-dimensional data in such a way that
similar items are grouped spatially close to one an-
other.

The range of applications where the SOM has
been utilized successfully is impressive, see [3] for
a fairly recent bibliography. The model also has
a strong tradition in the text mining area where a
number of research groups described work based on
the Self-Organizing Map [10, 11, 12, 13, 14].

The SOM consists of a number of neural process-
ing elements, i.e. units that are arranged accord-
ing to some topology, the most common choice of
which is marked by a two-dimensional rectangular
or hexagonal grid. Each of the units i is further
assigned a model vector m;, m; € R™. It is impor-
tant to note that these model vectors have the same
dimensionality as the input patterns.

The training process of SOMs may be described
in terms of input pattern presentation and model
vector adaptation. Each training iteration ¢ starts
with the random selection of one input pattern z,
x € R". This pattern is presented to the SOM
and each unit determines its activation. Usually,
the Euclidean distance between input pattern and
model vector is used to calculate a unit’s activation.
In this case, the unit having the model vector with
the smallest Euclidean distance to the input pattern
is referred to as the winner. We will use the index

¢ for denoting the winner, cf. Expression (1).

c(t) = arg min{|[z(t) — mi(t)][} (1)

Finally, the model vector of the winner as well as
model vectors of units in the vicinity of the winner
are adapted. This adaptation is implemented as a
gradual reduction of the difference between corre-
sponding components of the input pattern and the
Note

that we make use of discrete time notation with ¢

model vector, as shown in Expression (2).

denoting the current training iteration.

m(t +1) = my(t) + a(t) - hei(t) - [2(t) —mi(t)] (2)

Geometrically speaking, the model vectors of the
adapted units are moved a bit towards the input
pattern. The amount of model vector movement is
guided by alearning rate a, decreasing in time. The
number of units that are affected by adaptation as
well as the strength of adaptation depending on a
unit’s distance from the winner is determined by a
neighborhood function h.;. This number of units
also decreases in time such that towards the end
of the training process only the winner is adapted.
Typically, the neighborhood function is a unimodal
function which is symmetric around the location of
the winner and monotonically decreasing with in-
creasing distance from the winner. Often a Gaus-
sian is used as a neighborhood function as given in

Expression (3).

hei(t) = exp <— 7”26' ;(:;y ) 3)

In this expression ||r. —r;||? denotes the distance
between units ¢ and ¢ within the output space, with
r; representing the two-dimensional location vector
of unit ¢ within the grid. The time-varying pa-
rameter ¢ guides the reduction of the neighborhood
kernel during training. It is common practice that
this neighborhood kernel is selected large enough to
cover a wide area of the output space in the begin-
ning of learning. The spatial width of the kernel is
reduced gradually during training such that towards

the end of the process just the winner is adapted.



3 Related Architectures

During the last years, a number of modifications
have been suggested to enhance the usefulness of
the Self-Organizing Map for data mining applica-
tions. In particular the identification of inter- and
intra-cluster similarity has been addressed. Ap-
proaches such as the U-Matriz [15], Adaptive Co-
ordinates, and Cluster Connections [16] represent
techniques that put emphasis on detection and visu-
alization of cluster structures in SOMs. These tech-
niques analyze the distances between neighboring
units or mirror the effect of the model vector adap-
tation in the two-dimensional output space. Similar
cluster information can be obtained with our Label-
SOM method described in [17, 18]. Using the Label-
SOM method the characteristics of the various units
are described in terms of shared features among
the input patterns mapped onto a particular unit.
Grouping units that have the same characteristics
allows to identify clusters within the output space
of the SOM. Other modifications of the architec-
ture address the problems arising from the mapping
onto a lattice structure, providing a smooth man-
ifold as output space, such as the Self-Organizing
Field [19], or the Generative Topographic Mapping
(GTM) [20]. However, none of the methods iden-
tified above facilitates the detection of hierarchical
structure inherent in the data or adapt the size of

the network.

The Hierarchical Feature Map [21] tries to un-
cover the hierarchical structure of data by modify-
ing the SOM architecture. Instead of training a flat
SOM , a balanced hierarchical structure of SOMs is
trained. Data mapped onto one single unit is repre-
sented 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 struc-
ture of the data. This is because the architecture
of the network has to be defined in advance, i.e. the
number of layers and the sizes of the maps at each
layer are fixed prior to network training. This leads
to the definition of a balanced tree which is used

to represent the data. Desirable is, however, a net-

work architecture defined by the peculiarities of the
input data.

In [22, 23] a Tree-Structured SOM, a hierarchical
modification of the SOM, is introduced. The focus
in this model, however, is rather on computational
speedup during winner selection by using a tree-
based organization of the units. This model does
not provide a hierarchical decomposition of the in-
put space, the input patterns are again organized
in one single flat SOM.

The shortcoming of having to define the size of
the SOM in advance has been addressed by a num-
ber of different models. Consider, for example the
Incremental Grid Growing [4], Growing Grid [5],
Growing SOM [6], and the Hypercubical SOM [24].
The first, i.e. Incremental Grid Growing, allows the
addition of new units at the boundary of the map.
Furthermore, connections between units of the map
may be established and removed according to some
threshold settings based on the similarity of their
respective model vectors. This may result in sev-
eral separated, irregularly shaped map structures.
Being quite similar in spirit, the Growing SOM uses
a spread factor to control the growth process of
the map. Using manual intervention, the super-
visor can decide to train separate SOMs for specific
units in order to obtain a more detailed represen-
tation. This obviously results in manually created
hierarchies, an approach that is basically possible
with each variant of the SOM.

The Growing Grid, on the other hand, adds rows
and columns of units during the training process,
starting with a SOM of initially 2 x 2 units. The
decision where to insert new units is governed by the
computation of some measure for each unit, e.g. the
As an extension, the Hypercubi-
cal SOM allows for a growth process of the SOM

into more than two dimensions, thus providing im-

winner counter.

proved data representation while forsaking visual
interpretability.

It can be stated, however, that the main fo-
cus of each of these adaptive variants of the Self-
Organizing Map lies with an equal distribution of
the input patterns accross the map by adding new

units in the neighborhood of units that represent an



unproportionally high number of input data. They
thus do not primarily reflect the concept of repre-
sentation at a certain level of detail, which is ex-
pressed in terms of the overall quantization error
rather than in the number of input data mapped
onto specific areas. Moreover, neither of these adap-
tive models takes the inherently hierarchical struc-

ture of data into account.

4 The Growing Hierarchical
Self-Organizing Map

4.1 The principles

While the SOM has proven to be a very suit-
able tool for detecting structure in high-dimensional
data and organizing it accordingly on a two-
dimensional output space, some shortcomings have
to be mentioned. These include its inability to
capture the inherent hierarchical structure of data.
Furthermore, the size of the map has to be de-
termined in advance when proper insight into the
characteristics of a data distribution might not be
available. These drawbacks have been addressed
separately in several modified architectures of the
SOM as outlined in Section 3. However, none of
these approaches provides an architecture which
fully adapts to the characteristics of the input
data. To overcome the limitations of both fix-sized
and non-hierarchically adaptive architectures we
developed the Growing Hierarchical Self-Organizing
Map (GHSOM), which dynamically fits its multi-
layered architecture according to the structure of
the data [25].

The GHSOM has a hierarchical structure of mul-
tiple layers, where each layer consists of several in-
dependent growing Self-Organizing Maps. Start-
ing from a top-level map, each map, similar to the
Growing Grid model, grows in size to represent a
collection of data at a specific level of detail. After
a certain improvement regarding the granularity of
data representation is reached, the units are ana-
lyzed to see whether they represent the data at a

specific minimum level of granularity. Those units

layer 0

] layer 1

Trained GHSOM: The GHSOM

evolves to a structure of SOMs reflecting the hi-

Figure 1:

erarchical structure of the input data.

that represent too diverse input data are expanded
to form a new small growing SOM at a subsequent
layer, where the respective data shall be represented
in more detail. These new maps again grow in size
until a specified improvement of the quality of data
representation is reached. Units representing an al-
ready rather homogeneous set of data, on the other
hand, will not require any further expansion into
subsequent layers. The resulting GHSOM thus is
fully adaptive to reflect, by its very architecture,
the hierarchical structure inherent in the data, al-
locating more space for the representation of inho-

mogeneous areas in the input space.

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 rather rough organization of
the main clusters in the input data. The six inde-
pendent maps in the second layer offer a more de-
tailed view of the data. The input data for one map
is the subset which has been mapped onto the cor-
responding unit in the upper layer. Two units from
one of the second-layer maps have further been ex-
panded into third-layer maps to provide sufficiently
granular input data representation. It has to be
noted that the maps have different sizes according
to the structure of the data, which relieves us from
the burden of predefining the structure of the ar-
chitecture. The layer O serves as a representation
of the complete data set and is necessary for the

control of the growth process.



4.2 Training algorithm

4.2.1 Initial setup and global network con-

trol

The principle of the GHSOM architecture is its
adaptation to the training data. The quality of this
adaptation is measured in terms of the deviation
between a unit’s model vector and the input vec-
tors represented by this particular unit. Basically,
two different strategies can be used for the control
of the growth process, using either the mean quan-
tization error of a unit (which is commonly used
as a quality measure for data representation with
SOMs), or the absolute value, i.e. the quantization
error of a unit.

More formally, the mean quantization error of a
unit ¢ is calculated according to Expression 4 as the
mean Euclidean distance between its model vector
m; and the n¢ input vectors z; that are elements of

the set of input vectors C; mapped onto this unit 4:

1
mae; = o D llmi —
z;€C;

ne = |Ci|,Ci # 0

(4)

The starting point for the GHSOM training pro-
cess is the calculation of a mean quantization error
mge, of the unit forming the layer 0 map as pro-
vided in Expression 5. With nz we refer to the
number of all input vectors z of the input data set

7 and myg denotes the mean of the input data.

(5)

1
mgeo = - > lmo—=ill,  nz=|T|

z:€Z

The mge measures the dissimilarity of all input
data mapped onto a particular unit and will be used
to control the growth process of the neural network.
Specifically, the minimum quality of data represen-
tation of each unit will be specified as a fraction,
indicated by a parameter 75, of mgeg.

In other words, all units must represent their re-
spective subsets of data at a mean quantization er-
ror smaller than a fraction 7 of mge,, i.e. satisfy
the global termination criterion specified in Expres-

sion 6:

(6)

For all units not satisfying this condition, a more

mgqge; < Tg - Mqey

detailed data representation is required, leading to
the addition of further units to provide more map
space for data representation.

Alternatively, the quantization error of the unit
as given in Expression 7, denoted by ge, may be
used instead of the mean quantization error, result-
ing in a global termination criterion as given in Ex-

pression 8.

ge; = Y Imi — ]| (7)
z;€C;
ge; < T2 - geg (8)

While using the mge of the data distribution as
a global quality measure for the GHSOM training
process may be more intuitive, using the ge fol-
lows more closely the principle characteristic of Self-
Organizing Maps of providing more map space for
more densely populated regions of the input space,
also referred to as magnification factor. Thus, using
Expression 8 rather than Expression 6 as a global
stopping criterion produces maps that more intu-
itively reflect the characteristics of data distribu-
tions by capturing finer differences in more densely
populated clusters. This effect is specifically impor-
tant when the resulting maps shall be used as explo-
rative interfaces to data sets, as it is frequently the
case for SOM-like architectures. We will thus, for
the remainder of this paper, use the quantization
error ge as a basis for GHSOM training.

Following the decision whether to use mge or ge
for the global control of the training process, the
GHSOM architecture is initialized by creating a
new growing SOM beneath the layer 0 map. The
initial size of this first-layer map is set to 2 x 2 units,
with its model vectors being initialized to random

values.
4.2.2 Training and growth process of a
growing SOM

A newly created map is trained according to the

standard SOM training procedure as described in



Section 2. After a fixed number A of training itera-
tions the ges of all units as provided in Expression 7
are analyzed. A high g¢e indicates that an inhomo-
geneous part of the input space containing dissimi-
lar data, or at least a rather large set of input data
from a more homogenous part of the input space is
represented by this unit. Therefore, new units are
needed to provide more space for appropriate data
representation. The unit with the highest ge is thus
selected and is denoted as the error unit. We will re-
fer to the error unit as e. Next, the most dissimilar
neighboring unit d in terms of input space distance
is selected. This is done by comparing the model
vectors of all neighboring units with the model vec-
tor of the error unit e. A new row or column of
units is inserted between the error unit e and its
most dissimilar neighbor d. The model vectors of
the new units are initialized as the average of their
corresponding neighbors.

Figure 2 shows a graphical representation of the
insertion process of our realization of a growing
SOM , with the newly inserted units being depicted
as shaded circles. The arrows point to the respec-
tive neighboring units used for model vector initial-
ization.

More formally, the growth process of a growing
SOM can be described as follows. Let C; be the sub-
set of vectors z; of the input data that is mapped
onto unit 4, i.e. C; C 7; and m; the model vec-
tor of unit 4. Then, the error unit e is determined
as the unit with the maximum ge as provided in

Expression 9:

> lim —:vaI),

e = argmax (
i
z;EC;

9)
Please note, that the mean quantization error
may be used instead of the quantization error, re-
sulting in a GHSOM architecture focusing on over-
all homogeneity of data representation, rather than
capturing higher degrees of detail for more densly
populated areas of the data space.
Following the selection of the error unit, its most
dissimilar neighbor d is determined as listed in Ex-

pression 10, where M, is the set of neighboring units

(b) Insertion of a Column

Figure 2: Insertion of Units: A row (a) or a
column (b) of units (shaded gray) is inserted in be-
tween error unit e and the neighboring unit d with
the largest distance between its model vector and

the model vector of e in the Euclidean space.

of the error unit e:

d = argmax <||me - mz-||>, m; € N, (10)

A row or column of units is inserted between d
and e. To obtain a smooth positioning of the newly
added units in the input space, their model vec-
tors are initialized as the means of their respective
neighbors. After insertion the learning rate and
neighborhood range are reset to their original val-
ues, and training continues in a SOM-like fashion
for the next A iterations.

This training process of single growing SOM is

ne = |Cil,C; # @highly similar to the Growing Grid model [5]. The

difference so far is that we use a decreasing learning
rate and a decreasing neighborhood range instead

of fixed values.

4.2.3 Termination of growth process

As more units are added to the growing SOM
their ges decrease as each of the units represents
a smaller, more concise subset of the input space.
Basically, the training process could continue un-

til all units satisfy the global stopping criterion,



i.e. they represent their respective subset of the data
at a granularity lower than a certain fraction of the
initial standard deviation of the data, resulting in
a large SOM representing all data at the required
granularity in one layer.

Yet, in order to reveal the hierarchical structure
present in the data, each map shall only explain a
portion of data similarity. The growth process thus
continues only until the map’s mean quantization
error, referred to as M QE in capital letters, reaches
a certain fraction 71 of the ge, of the corresponding
unit u in the upper layer (i.e. the unit constituting
the layer 0 map for the first-layer map). The MQE
of a map is computed as the mean of all units’ quan-
tization errors ge; (cf. Expression 7) of the subset

U of the maps’ units onto which data is mapped:

1
MQE,, = — - E ;
Q ny qeiq,

ieU

Ny = |U| (11)
In general terms, the stopping criterion for the
growth of a single map m is defined as:

MQE,, <11 -qey (12)

where ge, is the quantization error of the cor-
responding unit v in the upper layer. Obviously,
the smaller the parameter 71 is chosen the larger
the resulting map will be, explaining its data at
a higher granularity. For larger 71, more detailed
data representation will be delegated to additional
maps further down the hierarchy. The parame-
ter 71 thus serves as the control parameter for the
depth/shallowness of the resulting hierarchical GH-
SOM architecture.

In case of the first-layer map the stopping crite-

rion for the training process is MQFE; < 71 - geo.-

4.2.4 Hierarchical growth with global map

orientation

When the training of a map is finished according
to the criterion specified in Expression 12, every
unit has to be checked for fulfillment of the global
stopping criterion given in Expression 8. Units rep-
resenting a set of too diverse input vectors, are ex-

panded to form a new map at a subsequent layer of
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Figure 3: Initialization of Units: The corner
units of newly created maps are initialized to pre-

serve the orientation of their parents’ map.

the hierarchy. Units satisfying the global stopping

criterion require no further expansion.

Similar to the procedure chosen for the creation
of the layer 1 map, originating from the single-unit
map at layer 0, a new map of initially 2 x 2 units
is created. While, again, random initialization can
be chosen for model vector orientation, this usu-
ally will distort the global topology of neighbor-
ing maps. This is because the orientation of data
on this map, i.e. which subclusters are located on
which area of the map, is determined by the self-
organizing process following the random orientation
of the map in data space. Navigation across maps
within the same layer of the hierarchy would thus
be prevented, leading to serious disadvantages of
the organization of disjoint clusters in a hierarchi-
cal manner, especially when larger clusters should
be split. To provide a global orientation of the in-
dividual maps in the various layers of the hierarchy,
their orientation must conform to the orientation of
the data distribution on their parent’s map. This
can be achieved by creating a coherent initialization
of the units of a newly created map [26].

Let unit p be expanded to form a new 2 x 2 map
in the subsequent layer of the hierarchy. This map’s
four model vectors s1 to s4 are initialized to mirror
the orientation of neighboring units of its parent
p. Figure 3 provides an illustration of the initial-

ization of new maps and the influence of the par-



ent unit’s neighbors. Geometrically speaking, the
model vectors of the four corner units are moved in
data space towards the directions of their respec-
tive parent’s neighbors by a certain fraction. This
initial orientation of the map is preserved during
the training process. While new units may be in-
serted in between, the four corner units will still be
most similar to the respective corner units of the
maps in neighboring branches. The exact amount
by which these corner units are moved in the respec-
tive directions does not influence the characteristic
of the topology-preserving initialization. We can
thus choose to set them to the mean of the par-
ent and its neighbors in the respective directions,
e.g. setting el = (e + a + b+ d)/4. In the simplest
case, the neighbors’ model vectors may be used di-
rectly as initial corner positions of the new maps in
data space.

The input vectors to train the newly added map
are the ones mapped onto the unit which has just
been expanded, i.e. the subset of the data space
mapped onto its parent. This map will again con-
tinue to grow following the procedures detailed in
Section 4.2.2. The whole process is repeated for the
subsequent layers until the global stopping criterion

given in Expression 8 is met by all leaf units.

4.2.5 Analysis of GHSOM characteristics

The SOM offers itself for the analysis of large, high-
dimensional data collections, allowing many short-
cuts to accelerate the training process, see [10] for
a concise treatment. Additionally, due to its hier-
archical structuring and partitioning of the input
data, the GHSOM provides improved scalability.
At the transition from one layer to the next, the
number of input vectors used for training a partic-
ular map decreases to the subset of vectors mapped
onto the respective upper-layer unit.

Furthermore, each map in the hierarchy ex-
plains a particular set of characteristics of its input
data. Subsequently, some input vector components,
i.e. features of the data set, can be expected to be
almost identical for all input vectors mapped onto a

specific unit. These features can be ignored at the

transition to a subsequent layer of the hierarchy,
allowing to shorten the input vectors. Especially
for very high-dimensional and sparse data sets this
effect allows for a significant reduction of computa-
tional effort.

The training and growth process of the GHSOM
is entirely data driven, requiring no prior knowl-
edge or estimates for parameter specification. The
hierarchical structure of data can be represented
in different forms, favoring either (a) lower hier-
archies 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. Parameter
71 is used to control this trade-off between shallow
or deep hierarchies.

In the first case we will prefer larger maps in
each layer, which explain larger portions of the data
in their flat representation, yet providing less hier-
archical structuring. As an extreme example we
might consider the Growing Grid, which grows in
size explaining the complete structure of the data
in one single flat map. It ignores all hierarchical
information and tries, at best, to preserve it in the
mapping of various clusters on the flat structure.
On the other hand we might consider setting 7y
rather large, which requires only limited growth of
individual maps, resulting in a deeper hierarchical
structure of small maps focusing on the hierarchi-
cal structure. Basically, the total number of units at
the lowest-level maps may be expected to be similar
in both cases as this is the number of neural pro-
cessing units necessary for representing the data at
the required level of granularity.

In principle, the choice of 4 may seem crucial,
as it might result in a rather arbitrary separation
of, a larger cluster with homogeneous data distri-
bution into two or more sub-clusters in different
branches. However, due to the global orientation
provided by the initialization of the model vectors
of new maps, navigation across maps in the same
layer of the hierarchy is facilitated, offsetting the
damage of cluster separation. Furthermore, by an-
alyzing the distances in input space of model vec-

tors on neighboring map boundaries, the similarity



of neighboring maps can be detected and indicated.

For exploratory data analysis, a homogeneous
distribution of data samples across the map space
is desired, allowing to capture finer differences be-
tween clusters in more densely populated areas of
the data space. Thus, using the quantization error
of a unit, rather than its mean quantization error,
has shown to produce more favorable results. The
global stopping criterion, be it an absolute value
or a fraction specified by parameter 72, directly in-
fluences the overall size of the resulting GHSOM,
i.e. the number of units available for data space rep-

resentation.

It should further be noted, that the training pro-
cess usually does not lead to a balanced hierarchy in
terms of all branches having the same depth. This is
one of the main advantages of the GHSOM over the
Hierarchical Feature Map [21], because the struc-
ture of the hierarchy adapts itself according to the
requirements of the input space. Therefore, areas in
the input space that require more units for appro-
priate data representation create deeper branches

than others.

5 Experiments

For the following experiments we use an informa-
tion retrieval application as a testbed for the Grow-
ing Hierarchical Self-Organizing Map. In a nutshell,
topical clusters shall be detected in a collection of
free-form documents with documents covering sim-
ilar topics to be grouped together. This application
domain represents an ideal and challenging scenario
for clustering algorithms, as typically very high-
dimensional feature spaces are involved. Further-
more, the data can be considered highly noisy as
a result from the indexing process that is used to
approximately capture the content of a particular
document.

Two different experimental settings are pre-
sented, focusing on different characteristics of the
GHSOM . In Section 5.1 the classic TIME Magazine
collection is used to compare the characteristics and

features of the hierarchical structuring of a data col-
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lection with respect to a SOM. In Section 5.2, we
analyze the characteristics of shallow and deep hi-
erarchies depending on various settings of param-
eter 71, and present the benefits of the preserva-
tion of the global orientation in the GHSOM hier-
archy. For these experiments we use a larger collec-
tion of news articles from the Austrian newspaper
Der Standard. All experiments presented in this pa-
per as well as an implementation of the presented
GHSOM architecture are available at the SOMLib
project homepage® for interactive evaluation.

5.1 Experiment 1: TIME Magazine

5.1.1 Data representation

In a first step, the documents have to be mapped
into some representation language in order to en-
This process is termed in-
A

number of different strategies have been suggested

able further analysis.

dexing in the information retrieval literature.

over the years of information retrieval research. Still
one of the most common representation techniques
is single term full-text indexing, where the text of
the documents is accessed and the various words
forming the document are extracted. These words
can be reduced to their word stem yielding the
terms used to represent the documents. The result-
ing set of terms is further cleared from stop-words,
i.e. words that appear either too often or too rarely
within the document collection and thus have only
little influence on the discrimination between dif-
ferent documents and would just unnecessarily in-
crease the computational load during classification.

In the vector-space model of information retrieval
the documents contained in a collection are repre-
sented by means of feature vectors x of the form
T = [&,&,...,&,])T. Insuch a representation, the i,
1 <4 < n, correspond to the index terms extracted
from the documents as described above. The spe-
cific value of &; corresponds to the importance of
index term ¢ in describing the content of the par-
ticular document at hand. One might find a lot of
strategies to prescribe the importance of an index

term for a particular document [27]. Without loss

Ihttp://www.ifs.tuwien.ac.at/~andi/somlib



of generality, we may assume that this importance
is represented as a scalar in the range of [0, 1] where
zero means that this particular index term is abso-
lutely unimportant to describe the document. Any
deviation from zero towards one is proportional to
the increased importance of the index term at hand.
In such a vector-space model, the similarity between
two documents corresponds to the similarity of their
vector representations [28].

The TIME Magazine article collection consists of
420 articles from the TIME magazine of the 1960’s,
covering a broad range of topics from political issues
to social gossip. The indexing process identified
5923 content terms, i.e. terms used for document
representation, by omitting words that appear in
more than 90% or less than 1% of the documents.
The terms are roughly stemmed and weighted ac-
cording to a tf x idf, i.e. term frequency times in-
verse document frequency, weighting scheme [29].
This weighting scheme assigns high values to terms
that appear frequently within one document yet
rarely within the overall document collection, i.e. to
terms that are considered important in describing
the contents of a document. Following the feature
extraction process we end up with 420 vectors de-
scribing the documents in the 5923-dimensional fea-
ture space. These vectors are further used for neural

network training.

5.1.2 A SOM of the TIME Magazine Col-

lection

Figure 4 shows a Self-Organizing Map trained with
the TIME Magazine data set. It consists of 10 x
15 units represented as table cells with a number
of articles being mapped onto each individual unit.
The articles mapped onto the same or neighboring
units are considered to be similar to each other in
terms of the topic they deal with. Due to space
considerations we cannot present all the articles in
the collection. We thus selected a number of units
for detailed discussion.

We find that the SOM has succeeded in creating
a topology preserving representation of the topical

clusters of articles. For example, in the lower left
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Figure 4: Flat SOM: 10

Magazine collection

x 15 map of the Time

corner we find a group of units representing articles
on the conflict in Vietnam. To name but a few, we
find articles 7820, T369 on unit (1/15)2, or T390,
T418, T484 on the neighboring unit (2/15) deal-
ing with the government crack-down on Buddhist
monks, next to a number of articles on units (4/15),
(5/15) and neighboring ones, covering the fighting
and suffering during the Vietnam War.

A cluster of documents covering affairs in the
Middle-East is located in the lower right corner of
the map around unit (10/15), next to a cluster on
the Profumo—Keeler affair, a political scandal in
Great Britain in the 1960’s, on and around units
(10/11) and (10/12).

(10/6) and neighboring ones we find articles on elec-

Above this area, on units

tions in Italy and possible coalitions, next to two
units (10/3) and (10/4) covering elections in India.
Similarly, all other units on the map can be identi-
fied to represent a topical cluster of news articles.
For a more detailed discussion of the articles and
topic clusters found on this map, we refer to [30].
While we find the SOM to provide a good topo-

logically ordered representation of the various topics

2We use the notion (z/y) to refer to the unit located in
column z and row y of the map, starting with (1/1) in the

upper left corner
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Figure 5: GHSOM Layer 1 of the TIME Maga-
zine article collection GHSOM

found in the article collection, no information about
topical hierarchies can be identified from the result-
ing flat map. Apart from this we find the size of the
map to be quite large with respect to the number
of topics identified. This is mainly because the size
of the map has to be determined in advance, be-
fore any information about the number of topical

clusters is available.

5.1.3 A hierarchical archive of the TIME

Magazine collection

Based on the unit representing the mean of all data
points at layer 0, the GHSOM training algorithm
starts with a 2 x 2 SOM at the first layer. The
training process for this map continues with addi-
tional units being added until the quantization er-
ror drops below a certain percentage of the overall
quantization error of the unit at layer 0. The result-
ing first-layer map is depicted in Figure 5. The map
has grown twice, adding one row and one column
respectively, resulting in 3 x 3 units representing 9
major topics in the document collection.

For convenience we list the topics of the various
units, rather than the individual articles in the fig-
ure. For example, we find unit (1/1) to represent all
articles related to the situation in Vietnam, whereas
Middle-East topics are covered on unit (3/1), or ar-

ticles related to elections and other political topics
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Figure 6: GHSOM Layer 2: 1 SOM per unit of

layer 1 map

on unit (1/3) in the lower left corner, to name but
a few.

Based on this first separation of the most domi-
nant topical clusters in the article collection, further
maps were automatically trained to represent the
various topics in more detail. This results in nine
individual maps on the second layer, each repre-
senting the data of the respective higher-layer unit
in more detail. Some of the units on these second-
layer maps were further expanded as distinct SOMs
in the third layer.

The resulting second-layer maps are depicted in
Figure 6. Please note that the maps on the second
layer have grown to different sizes according to the
structure of the data. In particular, we find small
3 x 2 maps representing the articles of unit (3/1)
and (1/3) of the first-layer map and up to 3 x 3
maps for the units (1/2), (2/2), (3/2), (2/3) and
(3/3). Taking a more detailed look at the first map
of the second layer representing unit (1/1) on the
first layer we find it to give a clearer representation

of articles covering the situation in Vietnam. Units



(1/1) and (2/1) on this map represent articles on
the fighting during the Vietnam War, whereas the
remaining units represent articles on the internal
conflict between the catholic government and Bud-
dhist monks. At this layer, the two units (2/1) and
(2/3) have further been expanded to form separate

maps with 3 x 3 units each at the third layer.

To give another example of the hierarchical struc-
tures identified during the Growing Hierarchical
Self-Organizing Map training process, we take a
look at the 3 x 2 map representing the articles of
unit (1/3) of the first-layer map. All of these arti-
cles were found to deal with political matters on the
first layer. This common topic is now displayed in
more detail at the resulting second-layer map. For
example, we find unit (3/1) to represent articles on
the elections in India. This unit is expanded to
form a 3 x 4 map in the third layer. Next to these,
on unit (3/2) we find articles covering the elections
and discussions about political coalitions between
Socialists and Christian Democrats in Italy. The
remaining units on this map deal with different is-
sues related to the Profumo-Keeler scandal in Great
Britain, covering the political hearings in parlia-
ment, background information on this scandal and
the persons involved, as well as related issues per-

taining to the elections in Great Britain.

As a last example, consider the 3 x 3 map rep-
resenting articles of unit (3/3) of the first layer. In
the first layer we find this unit to cover articles re-
lated to east-west relationships, mainly dealing with
post-war Germany, the relationships between Ger-
many and the Soviet Union and the NATOQ. In the
second-layer map we find these topics to be sep-
arated clearer, with units (1/1) to (3/1) covering
mainly Germany-related articles, whereas the other
two topics are represented by the remaining four
units. In this case, no further expansions onto third-
layer maps were necessary, as all articles are already
represented in sufficient detail on the units of the

second-layer map.
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5.1.4 Comparison of SOM and GHSOM

representation

When comparing the GHSOM with a SOM we can
identify the locations of the articles on the nine
second-layer maps on a corresponding 10 x 15 SOM.
This allows us to view the hierarchical structure of
the data on the flat map. We find that, for exam-
ple, the cluster on Vietnam simply forms one larger
coherent cluster on the flat map in the lower left
corner of the map covering the rectangle spanned
by the units (1/14) and (5/15). The same applies
to the cluster of Middle-East affairs, which is rep-
resented by the map of unit (3/1) in the Grow-
ing Hierarchical Self-Organizing Map. This cluster
is mainly located in the lower right corner of the
SOM. The cluster of political affairs, represented
by unit (1/3) on the first layer of the GHSOM and
explained in more detail on its subsequent layers,
is spread across the right hand side of the SOM,
covering more or less all units on columns 9 and
10 and between rows 3 and 12. Note, that this
common topic of political issues is not easily dis-
cernible from the overall map representation in the
SOM , where exactly this hierarchical information
is lost. The subdivision of this cluster on political
matters becomes further evident when we consider
the second-layer classification of this topic area,
where the various sub-topics are clearly separated,
covering Indian elections, Italian coalitions and the

British Profumo-Keeler scandal.

Another interesting hierarchical structure not ev-
ident from the SOM is represented by the East-
West relationships cluster on unit (3/3) of the GH-
SOM . When identifying the areas on the SOM that
are represented by this branch in the GHSOM , we
find that it covers two areas. This is, on the one
hand, a group of seven units in the upper left cor-
ner of the SOM representing the Germany-related
articles, whereas a second area in the upper right
area of the SOM covers the NATO-related articles
in this cluster. The relationship between these two
sub-clusters is lost in the large SOM . This may be
because of the size of the SOM , where the the over-

all organization of the map needs to be determined



during the very first training steps when the neigh-
borhood range of the learning function still covers
a large area of the SOM. A similar situation can
be identified for several smaller clusters, which are
scattered across different areas on the SOM, but
nicely combined in the first layer of the Growing
Hierarchical Self-Organizing Map and further ana-
lyzed and separated as independent sub-clusters on
subsequent layers.

Yet another interesting feature of the GHSOM we
want to emphasize is the overall reduction in map
size. During analysis we found the second layer of
the GHSOM to represent the data at about the
same level of topical detail as the corresponding
SOM. However, the number of units of all indi-
vidual second-layer maps combined is only 69 as
opposed to 150 units in the 10 x 15 SOM. With the
GHSOM model, this number of units is determined
automatically, and only the necessary number of
units is created for each level of detail representa-
tion required by the respective layer. Furthermore,
not all branches are grown to the same depth of the
hierarchy. As can be seen from Figure 6, only some
of the units are further expanded in a third-layer
map. With the resulting maps at all layers of the
hierarchy being rather small, activation calculation
and winner evaluation of the GHSOM is by orders
of magnitude faster than in the SOM model. Apart
from the speed-up gained by the reduced network
size, orientation for the user is highly improved as
compared to the rather huge maps which cannot be

eagily comprehended as a whole.

5.2 Experiment 2: Two Hierarchies
of Newspaper Articles from “Der
Standard”

5.2.1 Data representation

In the second experiment we will take a closer look
at the influence of parameter 71, providing a trade-
off between shallow and deep hierarchies, as well
as the topology-preserving orientation of the var-
ious maps in different branches of the hierarchy.

For these we use a larger collection of 11,627 ar-
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ticles from the Austrian 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 index-
ing. Instead of defining language or content spe-
cific stop word lists, we rather discard terms that
appear in more than 813 (7%) or in less than 65
articles (0.56%).

mensionality of 3,799 unique terms.

We end up with a vector di-
The 11,627
articles thus are represented by automatically ex-
tracted 3,799-dimensional feature vectors of word
histograms weighted by a tf x idf weighting scheme
and normalized to unit length. These feature vec-
tors are used to train two GHSOMs. The mgeq of
the layer 0 map evaluates to 12,180.3, serving as the

basis for the global stopping criterion.

5.2.2 Deep Hierarchy

Training the GHSOM with parameters 71 = 0.07
and 75 = 0.0035 results in a rather deep hierar-
chical structure of up to 13 layers. Since it is im-
possible to present the complete topic hierarchy of
three months of news articles, we will concentrate
The first-layer

map depicted in Figure 7(a) has grown to a size

on some sample topical sections.

of 4 x 4 units, all of which are expanded at sub-
sequent layers. Among the well separated main
topical branches we find sports, culture, radio- and
TV programs, the political situation on the Balkan,
national politics, business, or weather reports, to
name but a few. These topics are clearly identifiable
by the automatically extracted keywords using the
LabelSOM technique [17, 18], such as weather, sun,
reach, degrees for the section on weather reports?.
The branch of articles covering the political situa-
tion on the Balkan is located in the upper left cor-
ner of the top-layer map labeled with Balkan, Slo-
bodan Milosevic, Serbs, Albanians, UNO, Refugees,
and others.

We find the branch on national politics in the
lower right corner of this map listing the three

largest political parties of Austria as well as two key

3We provide English translations for the original German
labels.



politicians as labels. This unit has been expanded
to form a 4 x 4 map in the second layer as shown
in Figure 7(b).
dominated by articles related to the Freedom Party,

The upper left area of this map is

whereas, for example, articles focusing on the So-
cial Democrats are located in the lower left corner.
Other dominant clusters on this map are neutral-
ity, or the elections to the European parliament,
with one unit carrying specifically the five political
parties as well as the term election 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.

5.2.3 Shallow Hierarchy

To show the effects of different parameter settings
we trained a second GHSOM with 71 set to half of
the previous value (71 = 0.035), while 73, i.e. the ab-
solute granularity of data representation, remained
unchanged. This leads to a more shallow hierarchi-
cal structure of only up to seven layers, with the
first-layer map evolving 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 cor-
ner of the map, national politics in the lower right
corner, Internet-related articles on the left hand side
of the map, to name but a few. However, because
of the large size of the resulting first-layer map, a
fine-grained 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 at a lower layer of the hierarchy. For example,
we find the cluster on national politics to be repre-
sented by two neighboring units. One of these, on
position (6/4), covers solely articles related to the
Freedom Party and its political leader Jorg Haider,
representing one of the most dominant political top-
ics 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. lo-
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cated in the lower right corner on position (7/4),
covers other aspects of national politics, with one of
the main topics being the elections to the European
parliament. Figure 8 shows these two second-layer

maps.

However, we also find articles related to the Free-
dom Party on this second branch covering the more
general national politics, reporting on their role and
campaigns for the elections to the European parlia-
ment. As might be expected these are closely re-
lated 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 con-
tinuous orientation of topics. Because of the ini-
tialization 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 8. Continuing 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 Peo-
ple’s Party, the Green Party and the Liberal Party.
As all units at layer two in these branches have a
quantization error below 42.63, no unit is further

expanded at a third layer.

We thus find the global orientation to be well
preserved in this map. Even though the cluster
of national politics is split into two dominant sub-
clusters in the more shallow hierarchy, the articles
are organized correctly on the two separate maps in
the second layer of the hierarchy. This allows the
user to continue his or her exploration across map
boundaries. For this purpose, the labels of the up-
per layer’s neighboring unit serves a general guide-
line 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 sec-
ond layer, covering the upper and the lower area of

the map, respectively.
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Figure 7: (a) Top-layer map with 4 x 4 units showing general topics, and (b) second-layer map with 4 x

4 units representing national politics.

6 Conclusions

In this paper, we have described the Growing Hier-
archical Self-Organizing Map (GHSOM). The char-
acteristic feature of this novel neural network model
is its adaptive architecture which grows during its
unsupervised training process to uncover the hier-
archical structure of the analyzed data collection.
In a nutshell, the GHSOM has a layered architec-
ture composed of independent SOM -like neural net-
works. These networks determine their structure

during the training process as well.

The major benefits of our GHSOM model com-
pared with the standard SOM are the following.
First, the overall training time is largely reduced
since only the necessary number of units are de-
veloped to organize the data collection at a certain
degree of detail. Second, the GHSOM uncovers the
hierarchical structure of the data by its very archi-
tecture, thus allowing the user to understand and
analyze large amounts of data in an explorative way.
Third, with the various emerging maps at each layer
of the hierarchy being rather small in size, it is much
easier for the user to keep an overview of the vari-

ous clusters. Last, but not least, by ensuring a con-
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sistent global orientation of the individual maps in
the respective layers, the topological similarities of
neighboring maps are preserved. Thus, navigation
across map boundaries is facilitated, allowing the
exploration of similar clusters that are represented
by neighboring branches in the GHSOM structure.

We have shown the potential of the GHSOM with
an information retrieval application, namely the
topical clustering of free-form documents. This, by
its very nature, is a challenging application for clus-
tering algorithms because of the high-dimensional
and noisy feature spaces. The results of the exper-
iments clearly indicated that the GHSOM success-
fully identified the topical clusters of the document

collections.
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Erratum

This article appeared in the IEEE Transactions on
Neural Networks, Vol. 13, No. 6, pp. 1331-1341,
November 2002.

Inadvertently, two corrections were not included
in the final release, resulting in an erroneous ver-
sion of our article being published. Since both the
print as well as the on-line version currently con-
tain these errors, we herewith provide the correct
version of the article based on a pre-print, together
with pointers to the two errors found in the article,

which are:

1. Section IV-B, page 1334, column 2, sen-
tence immediately preceeding expression
9:
The erroneous version reads: ” Then, the error
unit e is determined as the unit with the mqe
as follows:”

It should rather read: ” Then, the error unit e



is determined as the unit with the maximum ge
as follows:”

Comment: ”mge” stands for the ” mean quan-
tization error” or "mean ge” in short. How-
ever, the error unit is the one exhibiting the
”mazimum” quantization error, rather than
the mean. Obviously, in an eager quest to
use the shorter abbreviations rather than out-
spelled longer versions, it was decided to use

the abbreviation defined for the mean qge.

. Section IV-B, page 1335, column 2, ref-
erence to Figure 3:

Only half of Figure & was printed in the page
proofs. Rather than correcting, Figure 3 was
omitted in the final version, resulting in Figure
2 on page 1335 being followed by Figure 4 on
page 1337.
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