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ABSTRACT
The linear manifold topographic map (LMTM) is a model for unsupervised
learning of multiple low-dimensional linear manifolds from a set of data samples
in a topology-preserving map. Several limitations exist in LMTM and many
other topographic maps that relate to their fixed topology and fixed number
of representation elements or neurons. In this paper, a growing hierarchical
structure is proposed for LMTM, to remove these limitations, and to be able
to take advantage of the possible hierarchical nature of the datasets. The
attempt is made to avoid several existing problems in the similar hierarchical
and growing structures, through this proposed algorithm. Experimental results
indicate the proper performance of the model on a synthesized and two
real-world problems. In the first experiment, a complex manifold constituted of
a circle, a line, and a sinusoidal part is properly represented by the proposed
model. In the second and third sets of the experiments, the superiority of the
proposed model is shown in comparison with the other related methods on an
image compression problem and a handwritten digit recognition application.
© 2014 JComSec. All rights reserved.

1

Introduction

Linear Manifold Topographic Map (LMTM) [1–4] is
a neural model for learning regional (or local) linear approximations of the underlying data manifolds,
through a topology-preserving lattice. The learning
process is performed in an unsupervised manner and
obtains a piecewise linear representation of the data
manifold. The topology preservation property makes
the model applicable to some problems which require
this feature, such as data exploratory and data visualization applications [5].
The LMTM, due to linearity of its local manifolds, is
simpler and more reliable in real-world problems, than
some global nonlinear manifold learning approaches,
∗ Corresponding author.
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ISSN: 2322-4460 © 2014 JComSec. All rights reserved.

such as principal curves and surfaces [6, 7], nonlinear principal component analysis (NLPCA) [8], kernel
principal component analysis (KPCA) [9], and various
spectral methods [10] (see[2] for more details). It is
also more flexible and precise than the methods which
learn only one global linear manifold for data representation, such as principal component analysis (PCA)
[11] and independent component analysis (ICA) [12].
The regional dimensionality estimation capability is
also proposed for this model [4], which can improve its
representation quality by increasing the precision or
decreasing the amount of the required memory. Taking advantage of such ability is not possible for the
linear or nonlinear global approaches, containing the
above mentioned methods.
A limitation of LMTM and many other topographic
maps derived from the well-known self-organizing map
(SOM) network [13], relates to their fixed and prede-
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fined topology (that is usually a rectangular or hexagonal two-dimensional topology). From the representation point of view, such fixed topologies may decrease
the representation accuracy of the network by preventing the convergence of the map to the global optimum
solution. Moreover, the fixed map structure does not
reflect the data distribution in a direct and clear manner. In these maps, a neuron has the same distance
to all its neighbors, independent of the closeness of
their corresponding data clusters. Thus, additional
processes, such as the so-called U-matrix method [14],
are required to make an indirect visual representation
of data distribution. From the cluster analysis point
of view, the fixed structure of SOM does not reflect
the proximity of the clusters represented by the neurons. To resolve such limitations, the maps with more
flexible topologies, such as double SOM [15], are also
proposed.
Another limitation of LMTM and many other fixedstructure neural maps, results from the fixed number
of their representation elements or neurons. An initial
choice for this number may not match the requirements of the problem. Actually, without prior knowledge about the data distribution, it is hard to define
a predetermined size for the network to achieve satisfying performance. Several proposed growing versions
of the self-organizing networks [16–20], try to fix this
problem.
On the other hand, there are many real-world applications which have a hierarchical nature. For example,
the problem of arrangement, exploration, and search
in a massive collection of information, can be handled
more efficiently by a hierarchical approach. Also, using the hierarchical models, a complex problem can
be divided into several simple sub-problems, which
can be efficiently solved. These partial solutions can
be combined to make a solution for the original problem [21]. Another advantage of a hierarchical learning method is the ability of finding a multi-resolution
data representation. The hierarchical [22] and treestructured [23] versions of the self-organizing map are
developed based on such motivations.
Many researchers considered the growing and hierarchical map structures together [24–29]. In this
manner, the hierarchical data are supported, and the
number of required neurons is obtained based on the
characteristics of the problem. These methods usually
follow a top-down or divisive hierarchical clustering
[29] approach, i.e. they begin from a single cluster
containing the complete data set, and divide it into
smaller sub-clusters in a hierarchical manner, to reach
a desired representation accuracy at the end.
In this article, a growing hierarchical structure is
proposed for LMTM, to resolve the limitation of the

fixed topology and the fixed number of neurons of the
map, and provide the opportunity to take advantage
of the possible hierarchical nature of datasets. As will
be observed, in development of the learning algorithm
of this model, the attempt is made to avoid the problems existing in the similar hierarchical and growing
structures. In Section 2, an overview of several related
models is presented. In Section 3, the batch LMTM
network is briefly discussed. Section 4 introduces the
proposed network, and details of its learning and growing algorithm. Experimental results are presented in
Section 5. Finally, Section 6 concludes the paper.

2

Related Work

Several related models which are inspiring in development of the proposed network architecture are
briefly studied here. These contain the tree-structured
and two growing hierarchical variants of SOM and a
flexible-topology version of this network. Moreover,
several alternate hierarchical topographic map formation approaches are reviewed as well.
The tree structured self-organizing map (TS-SOM)
[23] is a fast implementation of SOM. The speed of
the SOM algorithm is increased by a tree search in
finding the winning neuron and using a limited version
of the search and update steps [23]. A balanced tree
with a predefined number of layers is used to learn a
multi-resolution representation of data. Each layer is
a SOM with 1-D or 2-D lattice. The lattice dimension
and topology is the same for all layers. Each neuron of
a map has a fixed number of children in the next layer
of the tree (which is 2 for 1-D and 4 for 2-D topologies).
The TS-SOM network does not learn a hierarchical
representation of the data. Since the tree is balanced
and complete, many neurons, especially in the last
layers, may be redundant from the representation
point of view.
The growing hierarchical self-organizing map (GHSOM) [30] tries to learn and represent the hierarchical relationships between data samples and clusters.
Beginning from the first layer, contained in a singleneuron SOM, the growing takes place in depth of the
hierarchy. This occurs by selecting a neuron of the
current layer with a poor representation quality, and
inserting a small SOM as the child of this neuron into
the next layer. Each SOM has a rectangular-topology.
A new generated SOM also grows in its layer by insertion of rows or columns of neurons between neighboring neurons with the most different weight vectors.
The growing in depth and in width of each layer is
terminated when some user-defined thresholds of representation accuracy are met.
Unbalanced hierarchical growing in GHSOM de-
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creases the loss of processing units (or redundant neurons) as mentioned for TS-SOM. High dependence of
GHSOM algorithm to the user defined thresholds is a
weakness of this model. Also, the problem of redundant neurons still exists in this model, when a row or
a column of neurons is inserted in the map. It is clear
that in an inserted row (or column) all neurons are
not essential to reach the desired representation quality. This problem is a result of fixed topology selected
for the maps in this model.
In the growing hierarchical tree SOM (GHTSOM)
network [29], the growth is done only in depth. Simple
maps with small number of neurons (triangle SOMs)
are added in each growing step. The algorithm contains two steps: training and clustering. The training
process starts with one triangle SOM as the root of
the tree and each neuron grows by adding one triangle SOM to the next layer. The triangular topologies
are only valid in the training step. The clustering process ignores these topological connections and creates
special connections, called class links, between the
neurons which represent the same clusters.
Most of the problems with the above mentioned
methods are resolved in the GHTSOM network. A
proper hierarchical data representation is achievable
by this model. The network works almost free of the
user-defined parameters. Adding small SOMs helps
to prevent the loss of neurons, as well. But still one
of the three neurons of an added triangle SOM may
become redundant during the algorithm. Thus, a neuron deletion mechanism is proposed to remove this
redundancy [29]. Also, as mentioned before, the role
of the fixed topologies selected for the triangle SOMs
is somehow ignored during the algorithm. This may
be the result of the problems emerged from the fixed
topologies, as observed in GHSOM.
To avoid the problems arising from the fixedtopology maps, several noticeable flexible topologies
are proposed for SOM like double SOM (DSOM)
[15] and its adaptive version (ADSOM) [31]. In these
models, instead of having fixed positions on a lattice,
each neuron has a dynamic (usually two-dimensional)
coordinate in the topological space, called position
vectors, which are updated during the adaptation of
the weight vectors. The on-line adaptation algorithms
in these models, try to adjust the distances between
the position vectors of the neurons, such that they
become proportional to the corresponding distances
between their weight vectors. After convergence, the
resulting map yields a more direct visualization of the
cluster centers, compared to the standard SOM.
Two extensions of the self-organizing map are proposed to deal with tree-structured data, namely SOM
for structured data (SOM-SD) [32] and merge SOM

(MSOM) [33]. The SOM-SD is designed for the processing of labeled directed acyclic graphs, throughout
a recurrent neural architecture. The label of each node
in the tree is processed within the context presented
by its child subtrees. Each neuron encodes the context using a number of additional vectors containing
the indices of the winner neurons for the subtrees of
that neuron. The winning neuron index is recursively
computed in a bottom-up manner from the leaves to
the root of the tree. An empty context is assigned to
the leaves, since they do not have any child subtrees.
The MSOM network is designed for unsupervised sequence processing. The context vector in this network
combines the sequence history using the merged property of the winning neuron. This merged property,
contains the previous winners weight vector and the
context vector computed for the previous element of
the sequence. This network uses a free and dynamic
lattice topology as well.
Several other hierarchical topographic maps are
developed in the context of generative topographic
map (GTM) [34], a probabilistic variant of the selforganizing map. In a model called GTM-HMTM [35],
the GTM is modified by replacing the centers of
its latent space (which are the counterparts of the
SOM neurons) with the hidden Markov tree models
(HMTM) [36], and then applied for visualization of
tree-structured data. In this model, every tree is considered as an atomic node in the latent space and
HMTM generates the trees in a top-down manner,
i.e. from roots to the leaves. Top-down generation of
the trees means that a node is evaluated in its parent context; therefore, a parent node captures little
information about the co-occurrence of particular substructures in its child trees. Two kernelized versions
of GTM are also proposed for graph data [37, 38]. In
these models, the Euclidean distance in the Gaussian
mixture of the GTM is replaced by a kernel-based
metric. The kernel GTM (KGTM) [38] is defined in
terms of graph similarity, while the relational GTM
(RGTM) [37] uses a matrix of graph dissimilarity.
In kernel-based models and the GTM-HMTM, a
structure is treated as an atomic i.i.d. observation. As
a result, a topographic mapping is only associated
to the whole structure. On the other hand, recursive models focus on each single node composing the
graph, allowing consideration of their context in their
topographic mapping. This property is called compositionality, which means the ability of exploiting the
modularity of data by first considering substructures,
and then composing the contextual information of the
main structures. Recently, the generative topographic
mapping for structured data (GTM-SD) [39], is proposed as a compositional generative model for topographic mapping of tree-structured data. GTM-SD
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applies a bottom-up hidden-tree Markov model [40]
to develop a recursive topographic mapping of hierarchical information. The model efficiently uses the contextual information from substructures. Experiments
indicate that the projection space of GTM-SD yields
a fine grained discrimination of the sample structures.

3

Batch linear manifold topographic
map

3.1

Preliminary definitions

There are K neurons arranged in a 2-dimensional topographic map L. To each neuron r of the map, a
linear manifold, determined by a mean vector mr and
d orthonormal basis vectors {b1r , · · · , bdr }, is assigned.
The set of learning subjects thus contains the mean
and the basis vectors of all the map neurons. A neighborhood function or lateral interaction hrs is defined
between each of the two neurons r and s of the map,
which is a decreasing function of the lattice distance
drs between the two neurons.
The n-dimensional data points are assumed to regionally located on multiple d-dimensional linear manifolds, with d < n. This assumption is approximately
true when the data are generated by an underlying
process with lower degrees of freedom (d) than the
input dimension (n). For an input vector xµ and a
neuron r, a vector ϕµr is defined as
ϕµr = xµ − mr

(1)

which can be decomposed into two orthogonal vectors
ϕ̂µr and ϕ̃µr by projecting onto the linear manifold as
ϕ̂µr =

d
X

(ϕµr T bkr )bkr , ϕ̃µr = ϕµr −

k=1

d
X

nature of the neuron r. On the other hand, if αr = 1,
the effect of the basis vectors (off-manifold distance)
are removed and the model becomes similar to a type
of self-organizing map presented in [41]. Thus, typically we must have 0 < αr < 1. The value of αr in this
range indicates that the role of the off-manifold distance, as expected from a manifold learning method, is
more important than that of the on-manifold distance.
Let pµr be the probability that the input sample xµ is
µ
assigned
P µ to neuron r, with the constraints pr ≥ 0 and
r pr = 1. Let the lateral interaction strength hrs
(the neighborhood function) denote a confusion measure that is proportional to the probability that the
input sample xµ , which is considered to be represented
by neuron r, is represented by neuron s instead.
Now we define the representation error as
XX X
Frep (P , θ) =
pµr
hrs D(xµ , θ s ),
µ

(5)

s

where, θ is the set of all learning subjects θ r of the
net and P is the set of all assignment probabilities pµr .
An entropy term is also considered to incorporate as
many neurons as possible in learning, that is

Fent (P ) =

XX
µ

pµr log (pµr /qr ) ,

(6)

r

where qr is the prior assignment probability, which
is usually selected as qr = 1/K for all neurons r (K is
the number of neurons). Combining the representation
error and the entropy term using the regularization
parameter β, a free energy functional [41, 42] is defined
as

(ϕµr T bkr )bkr

k=1

F (P , θ) = βFrep (P , θ) + Frep (P ).

(2)
The two on- and off-manifold distances of xµ with
respect to the manifold of neuron r are then defined as
r̂rµ = kϕ̂µr k and r̃rµ = kϕ̃µr k,

(3)

where, kk is the Euclidean norm of a vector.
3.2

r

Free energy functional

The distance of the input sample xµ from the representation medium of neuron r is defined as

2
1  2 µ2
D(xµ , θ r ) =
αr r̂r + r̃rµ ,
(4)
2
where, θ r is the set of learning subjects of neuron r,
and 0 ≤ αr ≤ 1 is a parameter which adjusts the mutual importance of r̂rµ and r̃rµ . If αr = 0, the distance
to the mean vector (on-manifold distance) is not considered which diminishes the regional representation

(7)

Parameter β in an annealing interpretation represents the inverse temperature [41]. Minimizing the
free energy of equation 7, corresponds to minimizing
the error function Frep and maximizing the entropy
of the map (that is −Fent ), simultaneously. This tries
to produce the best representation quality of the map,
while maintaining the activity of all neurons by forcing equality of all assignment probabilities through
the entropy term.
3.3

EM algorithm

The goal is to find optimal P and θ which minimize
equation 7. This is carried out using an expectationmaximization (EM) algorithm, in which both the
expectation and maximization steps minimize the free
energy F (P , θ) of equation 7 [42].
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In the expectation step, equation 7 should be minimized with respect to the assignment probabilities
P , assuming that learning subjects θ are fixed, which
yields
P
qr exp [−β s hrs D (xµ , θ s )]
µ
P
pr = P
.
(8)
µ
t qt exp [−β
s hts D (x , θ s )]
In maximization step, equation 7 is minimized with
respect to the learning subjects θ, containing mean
and basis vectors of the neurons, assuming fixed assignment probabilities P . For each neuron s, the mean
vector is found as
PP µ
pr hrs xµ
µ r
ms = PP µ
,
(9)
pr hrs
µ r

and the basis vectors b1s , · · · , bds are found to span
the subspace which is spanned by the eigenvectors
corresponded to the d largest eigenvalues of matrix

Cs =

XX
µ

T

pµr hrs ϕµs ϕµs .

(10)

r

In practice, the d mentioned eigenvectors are considered as the basis vectors. Derivations are given in [5].

4

The proposed growing hierarchical
network

In this section we propose a new growing hierarchical
LMTM network. In the proposed growing hierarchical
architecture for LMTM network, we try to take advantage of the related structures, mentioned in Section 2,
while avoiding their problems. An efficient hierarchical representation is realized by unbalanced growing
of the proposed network in depth and adding minimal
number of neurons in each growth step. The later idea
resolves the problem of redundant neurons without
any additional computations, such as finding and deletion of redundant neurons [29]. In continue, at first a
general discussion about the network is presented in
Section 4.1. Then, the details of the learning and hierarchical growing algorithm are given in Section 4.2.
4.1

Overview of the model

In the proposed model, starting from one neuron,
called the root node, an unbalanced binary tree of neurons is constructed by a hierarchical growing process.
Each node (neuron) of the tree has two children or no
child. The nodes with no child are called the leaf nodes.
The leaf nodes in each step of the algorithm constitute an LMTM with a dynamic topology, called the
network of current leaves. Dynamic topology means

that the position vectors of the leaf neurons are updated during the adaptation of their mean and basis
vectors (see Section 4.2 for details). The root node,
as an LMTM with one neuron, learns the principal
d-dimensional linear manifold of the data set, and its
representation error is computed. The growth step is
performed by finding the leaf neuron with maximum
representation error among the current leaves, and expanding it. Two neurons are generated as the children
of the expended node. After expansion, the network
of current leaves is updated. In this step, at first the
two new generated neurons, as an LMTM with two
neurons, are trained using the data samples assigned
to their father. Then the assignment probabilities and
the dynamic topology of the total network of current
leaves are updated. The growing and updating steps
are alternatively iterated until the stop condition is
established.
4.2

The algorithm

Step 0. constitute layer zero: Initially, an LMTM with
one neuron is trained using the total data set. This
single-neuron map, indicated by , constitutes the layer
number zero of the hierarchy and the root of the
current tree. The representation error for the leaf
nodes of the tree is computed as:
X
X
r
Frep
(L) =
pµr (L) hrs (L)D(xµ , θ s ), ∀r ∈ L
µ|xµ ∈S(L)

s∈L

(11)
where L indicates the topographic map of the leaf
neurons of the current tree, called the network of the
current leaves. The assignment probabilities and the
neighborhood functions in this network are denoted
by pµr (L) and hrs (L), representing pµr and hrs in the
original LMTM (Section 3). The distance of sample
from the neuron s, denoted by , is computed through
Equation 4. The set S(L) contains the samples assigned to the father of network L. In layer zero, this
set is the same as the total set of the data samples (X).
Step 1. select one of the leaves and expand it:
The neuron with maximum representation error in
the network of current leaves is selected as r∗ =
r
argmaxr Frep
(L) . Expanding r∗ is performed by generating a new LMTM, called M, in the next layer
whose nodes are the children of r∗ . The map M is
noted as the expanded network. The minimal number of nodes, say 2, is considered for the expanded
network. The topographic network of the leaves after
expansion (the network of new leaves), denoted by
Lnew , is fabricated simply by substituting the neurons
of the net M instead of their father r∗ in the net L.
Step 2. update the network of new leaves:
Step 2.1. update learning subjects: The net M is
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trained by data set S(M ) containing the data samples
assigned to its father r∗ , that is
S(M ) = {xµ ∈ S(L)|r∗ = argmaxr pµr (L)}

(12)

Step 2.2. update assignment probabilities: for all
nodes t and training samples xµ , we have
 µ
µ

pt(L) (L) × pt(M ) (M ) t is a new
pµt (Lnew ) =
expanded node

 µ
pt(L) (L)
otherwise
(13)
where t(L) and t(M ) are the indices of neuron t in the
nets L and M , respectively.
Step 2.3. update topology: a dynamic topology is
considered, in which a coordinate cs is assigned to
each neuron s, updated as
(
cnew
(Lnew ) s is a new expanded node
s
new
cs (L
)=
cs(L) (L)
otherwise
(14)
where s(L) is the index of the neuron s in the net L
and cs (Lnew ) is the new position of the neuron s in
the net Lnew , which is obtained based on an idea
similar to the curvilinear component analysis (CCA)
approach [43] (Equation 16) discussed in continue.
In the topographic map, the map distance between each two neurons r and s, drs = kcs (Lnew ) −
cr (Lnew ) k should reflect the distances between their
assigned data samples in the input space. The later is
evaluated as
X
1
1
(aµ + aµs )|D /2 (xµ , θ r )−
lrs =
(Nr + Ns ) µ r
D

1/2

(xµ , θ s )

(15)

with aµr and aµs being the hard assignments of the
sample xµ to neurons r and s, and Nr and Ns the
number of data samples assigned to the neurons r and
s, respectively. Now, a cost function
1 XX
E=
(lrs − drs )2 µ(λd − drs )
2 r
s6=r

with u(.) being the step function and λd being a locality
threshold, is minimized using a stochastic gradient
descent rule as follows:
cs − cr
∆cs = ηµ(λd − drs )(lrs − drs )
∀r ∈ Lnew
drs
(16)
with η being a learning rate decreased through the
learning iterations. Equation 16 is applied on all neurons s of the net M and this process is repeated for
a predefined number of iterations. The coordinates
cnew
(Lnew ) in Equation 14 will be the final values of
s

cs s in Equation 16 at the end of iterations. Finally,
the neighborhood function hrs used in Equation 11,
is computed as hrs = exp −d2rs /(2σ 2 ) with σ being
the neighborhood width.
Step 3. check the stop condition: Considering the
network Lnew as L , the global representation error is
found as
X
r
Frep (L) =
Frep
(L)
(17)
rinL

If the global representation error is not lower than a
fraction of the error in layer zero, i.e. Frep (L) ≥ α0 ×
Frep (L0 ), and the number of neurons in the network L
is not greater than a threshold, K(L) ≤ Kmax , then
the growth and updating steps are repeated from step
1. Otherwise, the algorithm is finished.

5

Experimental results

In this section, the performance of the growing hierarchical model is evaluated using a two-dimensional
synthetic data set, an image compression application,
and a handwritten digit recognition problem.
5.1

Sinusoid-line-circle problem

In this experiment, a circle with the radius of 2, a line
with the length of 6, and three periods of a sinusoidal
function with the frequency of 0.5 and the magnitude
of 1, are considered. Then, 1000 data samples are
randomly generated around each of these elements,
such that the displacements of the samples from the
original elements follow a normal distribution with
zero mean and a standard deviation of 0.01. In this
manner, a data set containing 3000 data samples is
obtained, which can be useful for evaluating the growth
property of the model (see Figure 1a). Considering the
value 25 for parameter Kmax and 10−6 for coefficient
α0 in step 3 of the algorithm in Section 4.2, the growing
continues up to a tree with 25 leaf nodes. The learning
subjects of the network of current leaves at the end of
the algorithm is presented in Figure 1b. It is observed
that the proposed growing hierarchical model yields
an acceptable piecewise linear representation for this
complex nonlinear manifold.
The model parameters are selected as αr = 0.8 for
all neurons r, β = 20 , and neighborhood width as σ =
10−10 . Since the goal is to demonstrate the training
and growing part of the algorithm, selecting such small
value for the neighborhood width makes the part of
topology adaptation of the algorithm independent of
the part of training and growing. The linear manifold
dimension d are selected to be 1, and the number of
iterations of the EM algorithm is 50. The parameter
values are selected based on a trial and error process.
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(a) Data distribution

(b) Mean vectors (small circles) and 1-dimensional linear
manifolds (lines)
Figure 1. Sinusoid-line-circle distribution and the representation found by the proposed model.

The growing steps of the model are shown in Figure 2a illustrates the network of leaves in four growing
steps. In each step, the neuron with maximum representation error (shown differently) is selected and
two children are generated for it in the next layer. Figure 2b illustrates the tree obtained after four growing
steps. The tree structure can be interpreted as follows:
the root (neuron 1) corresponds to the global mean of
the distribution. In the next level, the model detects
the sinusoid and circle structures by neurons 2 and
3, respectively. Then, the model starts to represent
these structures more precisely. This is performed by
generating neurons 4 and 5 under neuron 3 and neurons 6 and 7 under neuron 2, respectively. As neuron
5 has the most representation error in this level of
the tree, two children are generated under it in the
next level (neurons 8 and 9) to represent the circle
structure more accurately.
5.2

Image Compression

In this section, the performance of the proposed model
is evaluated in a real-world image compression application. The benchmark image baboon is used for this
purpose. All 88 nonoverlapping blocks constitutes a
data set of 4096 samples in a 64-dimensional space.
The data set is used to train the proposed growing hierarchical model, the original batch LMTM, and the
probabilistic PCA mixture model (PPCAMM) [44].
The models are used with 9, 16, and 25 linear manifolds, which are arranged respectively in 33, 44, and
55 maps for the original LMTM model. For the hierarchical model, this is performed by considering values
of 9, 16, and 25 for the parameter Kmax and the small
value of 10−6 for α0 in step 3 of the hierarchical growing algorithm presented in Section 4.2. This value for
α0 allows the net to grow up to Kmax leaf neurons and
to be comparable with the two other fixed-topology
networks. In general, the values of hyper-parameters

(a) The network of leaves in four growing steps

(b) The tree structure of the model after four growing steps
Figure 2. The representation found by the model in the first
four growing steps, and the corresponding constructed tree.

α0 and Kmax which control the size of the final network and affect the accuracy and complexity of the
model should be selected based on the problem characteristics and requirements through a proper model
selection procedure. The mentioned parameter values
in this example are only selected to have a fair comparison between different models. In all three models,
the dimension of the linear manifolds equal 19 and the
number of iterations of the EM algorithm equal 50.
The image coding and reconstruction processes are
performed similar to [3]. For each model, the data
point of each block of the image is projected on the
closest manifold, which is considered as the best representative unit for that point. Then, the projection
coefficients and the index of the best representative
neuron are maintained for each block in the coded
image. We used 7 bits for quantizing the projection
coefficients. Reconstruction of an image block is performed by computing its projection to the manifold
whose index stored in the coded image and using the
stored coefficients for that block. The reconstruction
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quality of each model can be quantified using the normalized reconstruction error defined as:
Np
1 X
N RE =
(Ii − Ii∗ )2
Np i=1

(18)

with Np being the number of reconstructed image pixels, and Ii and Ii∗ being the normalized intensities of
pixel i in the original and reconstructed images, respectively. The plots of the normalized reconstruction
error and the training time of different models with
different network sizes, averaged in five random trials, are shown in Figure 3. The bit rates of different
models with the same network size are equal to each
other. It is observed that the reconstruction errors of
the PPCAMM for all network sizes are considerably
greater than those of the two other models (about 15
percent). For the network with smaller size, the original LMTM shows about 2 percent smaller error with
about 15 percent lower training time, compared to the
hierarchical model. But, in big networks, the hierarchical model starts to become better than the original
one in terms of the accuracy and time. For the biggest
network size in this experiment, a better performance
of about 3 percent is observed from the hierarchical
model, and the training time of this model is about
17 percent lower than that of the original one. This
behavior can be explained as follows: in the hierarchical growing process, the proposed network tries to
improve its accuracy in the regions with a higher representation error. This realizes a local improvement
property for the network. But, the original LMTM
tries to globally learn its manifolds through the whole
data space. With larger network sizes, the flexibility
of the hierarchical structure, come from its local improvement property, becomes more effective in terms
of performance improvement, as focus on the higher
error regions of the input space. Also, local updating
process applied in the hierarchical growing algorithm
obviously takes less time than the global updating of
the original LMTM, which becomes more observable
when the size of the network increases. The training
time of the PPCAMM is much lower than the two
other models, but as its accuracy was not acceptable,
its training time was not reported in Figure 3, in order
to the deference between the hierarchical and original
LMTM training times become more observable in this
figure.
The tree structure obtained from the growing
and training algorithm of the proposed model with
Kmax = 16 , in a random trial is illustrated in Figure 4.
The mean vectors of the neurons are observed in this
figure. It is observed that the learned tree structure is
balanced, which may be a result of an almost uniform
distribution of the data points in this experiment. The
positions of the leaf nodes in the final topographic

(a) Reconstruction error versus the number of neurons

(b) Time (in minutes) versus the number of neurons
Figure 3. The plots of the reconstruction error (vertical axis of
the upper plot) and the training time in minutes (vertical axis
of the lower plot) versus the number of neurons (horisontal axes)
for the original LMTM and its hierarchical version HLMTM.

map are shown in Figure 5. The topology preserving
property is observed in this figure, as similar mean
vectors are close to each other. It is also observed
that the obtained topographic arrangement is very
affective of the tree structure, such that the neurons
with the same father (brothers) are posed closed to
each other. In addition to the mean vectors, all the
basis vectors of the leaves are shown in Figure 6.
5.3

Handwritten Digit Recognition

In this section, the proposed model is applied for
recognition of the handwritten digits of the USPS
data set [45]. This set contains 1100 samples for each
digit 0 to 9, as 1616 images. Half of each digit set is
used for training the model and the remaining half
is used for test. For each digit, a network is trained
using the training set of the digit. A test sample is
presented to each 10 networks of the digits. The index
of the network with the least representation error is
considered as the recognition result. For the sake of
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Figure 4. The tree obtained from the hierarchical growing of the proposed model with Kmax = 16 in a random trial on the data
set of the ‘baboon’ image. The nodes of the tree show the mean vectors of the corresponding neuron.

(a) The mean vectors of the neurons in their correspondin positions.

(b) The 2-dimensional positions of the neurons

Figure 5. The 2-dimensional topographic map for the network of leaves of the tree shown in Figure 4. The 2-dimensional positions
of the neurons are shown using points in the lower plot. The upper plot shows the mean vectors of the neurons in the corresponding
positions.

comparison, the PPCAMM and a batch version of
the self-organizing map (SOM) [41] are used. The
dimensionalities of the manifolds for PPCAMM and
the proposed model are globally estimated, which are
obtained for the training sets of digits 0 to 9, as 10, 8,
12, 13, 11, 12, 10, 9, 12, and 10, respectively [5].
Networks with different number of neurons are
tested. The mean and standard deviation of correct
recognition rate, in five trials with different random
initializations, are presented in Table 1, for the networks with different sizes. The number of neurons
for the proposed model is the number of leaf nodes,
which is denoted by Kmax in the algorithm. For the
SOM network with 9, 12, and 16 neurons, the neurons
are arranged in 33, 34, and 44 maps. It is observed
from Table 1 that the proposed network has the best
recognition rate among all other reported results in

this table, which is obtained with a net size of 9. The
recognition rate of SOM is considerably lower than
the two other methods. This confirms the advantage
of learning manifolds instead of the cluster centers in
the popular clustering methods (which SOM usually
is considered to be one of these methods). In addition,
an increase in the network size in the manifold-based
methods (HLMTM and PPCAMM) results in a minor
decrease in the test accuracies, while this is not true
in the clustering-based method (SOM). This behavior once more is indicative of the fact that manifoldbased methods work better than the clustering-based
ones. By increasing the network size, the manifoldbased methods start to over-fit to the training set,
which means that those are too powerful models for
this (moderately small) data set. This is an expected
outcome, since a manifold is a much powerful repre-

55

56

A Growing Hierarchical Approach to Batch Linear Manifold Topographic Map Formation — P. Adibi

Table 1. The mean and standard deviation of the recognition rate (in percent) for the proposed method (HLMTM), PPCAMM,
and SOM networks, with different sizes

Size

9

12

16

HLMTM

96.09 ± 0.202

95.56 ± 0.316

94.50 ± 0.494

PPCAMM

95.91 ± 0.137

95.63 ± 0.361

95.19 ± 0.275

SOM

91.39 ± 0.262

91.55 ± 0.188

91.99 ± 0.290

Network

obtained at the end of the algorithm is shown in
Figure 8, which corresponds to the leaf nodes of the
tree in Figure 7. It is observed from this figure that
the neurons with the same father, i.e. the siblings, are
located close to each other. Since the data represented
by each two siblings are similar, this closeness is also
acceptable from a topology preservation point of view.

(a) The tree of digit 4.

(b) The tree of digit 8.
Figure 7. The trees obtained from the algorithm of growing
and learning of the models for digits 4 and 8.

Figure 6. The mean vectors and the basis vectors of the leaves
of the tree shown in Figure 4

sentation element than a cluster center.
Figure 7 shows the resulting tree for digits 4 and 8
with Kmax = 9 neurons, in a random trial. The mean
vectors of the neurons are shown in this figure. As
expected, it is observed that in each specific level of
the tree, each node is converged to one special type
of the digits, and the neurons in the lower levels of
the tree are specialized to represent sub-classes of the
samples assigned to their ascendants in the higher
levels. Again, the resulting trees are balanced since
different types of each digit are almost uniformly
distributed in this data set. The topographic map

6

Conclusions

This article proposed a growing hierarchical structure for the linear manifold topographic map network,
where the restrictions of the fixed topology and size of
the network are removed. By considering a dynamic
topology for the map and inserting minimum number of neurons in the growing process, the problem
of redundant neurons are avoided; and having an unbalanced growing for the tree, the capability of hierarchical representation of the data sets is provided.
The performance of the proposed model is evaluated
using a synthesized data set, an image compression
application, and a handwritten digit recognition problem. Comparisons with the relevant techniques show
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(a) The topographic map of digit 4.

(b) The topographic map of digit 8.
Figure 8. The topographic maps of the leaf nodes of the trees
shown in Figure 7.

the proper performance of the model. This approach,
especially for manipulating the data sets with natural
hierarchical entities can be very efficient and useful.
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