Variable-Density Self-Organizing Map for Incremental Learning
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Abstract— We propose a new incremental learning
method of Self-Organizing Map. Basically, there are three
problems in the incremental learning of Self-Organizing
Map: 1. depletion of neurons, 2. oblivion of training data
previously given, 3. destruction of topological relationship
among training samples. Weight-fixed neurons and weight-
quasi-fixed neurons are very effective for the second prob-
lem. However the other problems still remain. Therefore,
we improve the incremental learning method with weight-
fixed neurons and weight-quasi-fixed neurons. We solve
the problems by introducing a mechanism to increase the
number of neurons effectively in the incremental learning
process.

1 Introduction

Self-Organizing Map (SOM) proposed by Kohonen[1, 2] is
one of the most widely used artificial neural network algo-
rithms that uses unsupervised learning. There are two types
of SOM learning algorithms. One is batch learning and the
other is incremental learning. Generally, the batch learning
algorithm is usually used for SOM’s learning and well stud-
ied. However, the incremental learning algorithm should be
used when learning data are input into SOM sequentially.
In the incremental leaning of SOM, it is very difficult to de-
termine the number of neurons in the map since the number
of training samples is usually unknown. In addition, a new
training sample has much effect on the neurons’ weights of
SOM, and, therefore, the map tends to forget training data
previously given. Moreover, the feature map can not al-
ways keep the topological relation among training data. As
just described, there are several problems in the incremen-
tal learning of SOM. In this paper, we analyze characteris-
tics of previous approaches for the incremental learning of
SOM and propose a new approach to achieve simple and
effective incremental learning.

2 Incremental learning of SOM

Basically, there are three problems in incremental learning
of SOM.

(1) the number of neurons becomes insufficient
(2) training data previously given is forgotten
(3) topology among training data is destroyed
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The first problem arises when the number of training sam-
ples comes close to or exceeds the number of neurons. It is
necessary to increase the number of neurons in the learn-
ing process since it is very difficult to determine the num-
ber of neurons in advance. The second problem means
that the map tends to forget training data previously given
since a new training sample has much effect on the neu-
rons’ weights of SOM. The third problem is caused when
the number of neurons is insufficient. In such situation the
feature map can not always keep the topological relation
among training data.

Michihata et al. proposed an incremental learning
method based on abnormal states of SOM[3, 4]. They pro-
posed three types of indicators to detect the abnormal states
of SOM.

1 There are many neurons whose weights are much differ-
ent from a new training sample.

2 There are many neurons which do not become activated
at all.

3 There are neurons which are repeatedly selected as the
winner.

When an abnormal state is detected by these indicators, all
of the training data are relearned without initializing the
weight of neurons. In this method, the neurons after in-
cremental learning forget the previous training data since
the winner neurons which become activated for the train-
ing data are changed by the incremental learning.

Shimasaki et al. proposed two types of incremental
learning methods[5]. One is “read type” incremental learn-
ing. In this method, a SOM accepts not only newly added
training samples, but also accepts, as training data, the
weights of neurons which are acquired based on the pre-
vious training samples. The other is “storage type” in-
cremental learning method. In this method, the averages
of the training samples which are mapped to labeled neu-
rons. However, these methods are not essentially increman-
tal learning but relearning.

Yamada et al.  proposed a incremental learning
method with weight-fixed neurons and weight-quasi-fixed
neurons[6]. The weight-fixed neurons are not updated in
the learning process. Therefore, the map does not forget
the previous training data. The weight-fixed neurons are
not updated easily in the learning process. This is effective
for spreading the winner neurons throughout the map.

We summarized previous approaches for incremental
learning of SOM in TABLE 1. There is no approach which




solve all the three problems. Therefore, a new incremental
learning method should be developed.

Table 1: Comparison between traditional approaches.

Problem 1 | Problem 2 | Problem 3
Anomaly A - ©
Read A - ©®
Storage A - ©
weight-fixed - ©) -

3 Variable-density SOM

A learning method with weight-fixed and weight-quasi-
fixed neurons is very effective for the incremental learning
of SOM since it does not forget the previous training data.
Therefore, the incremental learning of SOM is achieved
if we solve the other problems (problem 1 and problem
3). In the following subsections, first of all, we overview
the learning algorithm with weight-fixed and weight-quasi-
fixed neurons. Then, we propose a new incremental learn-
ing algorithm with a variable-density SOM.

3.1 Weight fixed neurons and weight-quasi-
fixed neurons

In this subsection, we explain the incremental learning al-
gorithm with weight-fixed and weight-quasi-fixed neurons.

Step1 Initializing the weights of neurons randomly.

Step 2 A neuron c that satisfies equation (1) is selected
as the winner neuron and the distance between the in-
put vector 1.

1T = Well = min([|IT - W) (1

Step3  Weight vectors are updated by using equation (2).
However, the weight fixed neuron f is not updated.

W, (t+1)=
W () + H(d)aOhe L) - Wu() (2

he . 1s a neighborhood kernel defined by equation (3).
2
heu = xp (— L ) ©

202(h)

a(t) and o(r) are monotonically decreasing functions
calculated as follows.
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Figure 1: Example of topology destroyed problem

T is the limit of iterations, aq is the initial value of
training rate, o7 is the initial value of o7(#) and o/ is the
last value of o (¢). H(d) is the function which defines
the distribution weight-quasi-fixed neurons.

H(d) = 1 —exp(—d - k)

" 1 +exp(—d-k) ©

d is the distance between a neuron u# and a weight-
fixed neuron nearest to the neuron u. k is a coeffi-
cient to determine the slope of the function H(d). This
function is about O in the neighborhood of already
established weight-fixed neurons, and, therefore, the
weights of neurons near to the neuron f are not up-
dated easily. On the other hand, if the value of d is
large, the function H(d) will be about 1. Therefore,
the weights of neurons are updated in a similar way
to the case of traditional learning. This function en-
ables SOM to disperse weight-fixed neurons all over
the map.

Step4  The same training sample is learned by Step 2
and Step 3 iteratively until satisfying the weight fixed
condition; U < dy, where U is the distance between
the input vector and the weight of the winner neuron
and dy is a threshold.

Step 5 If one of the neurons satisfies the weight fix con-
dition, a new training sample is learned.

The SOM does not forget the previous training data since
the weight-fixed neuron f is no longer updated in Step 3.
However, the problems that the number of neuron becomes
insufficient in the process of the incremental learning and
that topology among training data is destroyed still remain.
The topology destruction problem is explained with Fig. 1.
We consider that the winner neuron for the current training
sample is neuron f. In this case, the weights of the neu-
ron f are not updated and the weights of neurons around
the neuron f are not updated easily. Therefore, the winner
neuron c is selected relatively far from the neuron f. This
is how the topological relation is destroyed.

a(t) = ———— (€)) . .
T 3.2 Proposed learning algorithm
_ oy T 5 In this subsection, we propose a new incremental learn-
o) = oi o ®) ing algorithm with weight-fixed neurons and weight-quasi-
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Figure 2: Variable-density SOM

fixed neurons. We assume two dimensional SOM for sim-
plicity, but proposed algorithm can be extended to higher
dimensional SOM. Our approach can increase the number
of neurons and put them into appropriate positions of the
current SOM. Following Step 2-A and Step 2-B are inserted
between Step 2 and Step 3 mentioned above.

Step 2-A If the weight of the winner neuron c is fixed,
eight neurons are inserted around the neuron c.

Step 2-B The initial weights of the new eight neurons
are calculated as follow. If the neuron f which is near-
est from the neuron »n is the neuron c,

W, = hc,nWt' (7)

otherwise,

h(‘,nW(r + hf,an

W, =
" h(‘,n + hf,n

®)

Our approach adds neurons in a small area of the map,
and, therefore, a variably densed map, i.e., variable-density
map, described in Fig. 2 is generated. The insufficiency of
the number of neuron is solved since the number of neurons
is increased adaptively in the process of the incremental
learning. Moreover, the problem of topology destruction is
also solved since the added neurons have similar weights
to those of the neuron f.

4 Experimental results

We made a couple of experiments to investigate the effec-
tiveness of our approach.

4.1 Condition

We established an initial map with the size of 8 x 8 (64
neurons) and configured each parameter as follows; @y =
03,0y = 15,00 = 03,k = 0.6, = 1000. We made a
comparison among three learning methods: the batch learn-
ing method (method 1), the incremental learning method
proposed by Yamada (method 2), and our proposed method
(method 3).
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Figure 3: Color data used for training

Figure 4: Topological map after learning by method 1

4.2 Resultl

The training samples were 20 kinds of color values, each
of which is represented in an (R, G, B) color vector (see
Fig. 3). The sequence of training was from Black, Red, . ..
to Beige. Fig. 4 shows the learning result with the batch
learning, and each neuron is colored by a color value, to
which the neuron is mapped. Neurons which are mapped
to the training data homogeneously spread throughout the
map. We can see smooth color gradation among colored
neurons. On the other hand, Fig. 5 shows the learning result
with weight-fixed neurons and weight-quasi-fixed neurons,
and the color gradation is not smooth. This shows that this
learning method can not keep topological relation, or color
similarity, among training data. Finally, Fig. 6 shows the
learning result with the variable-density SOM. Compared
with Fig. 5, the color gradation is definetely smooth. This
shows our approach can achieve the incremental learning
without destroying the topological relationship.




Figure 5: Topological map after learning by method 2

4.3 Result2

The input data were a set of images consisting of 26 kinds
of alphabets shown in Fig. 7. The size of images was 7 X7,
and each pixel had a binary value. The sequence of training
was in alphabetical order, i.e., from A to Z.

Fig. 8 shows the learning result with the batch learning.
We put each alphabet label on its corresponding neuron.
There are several cases in which two different alphabets
are mapped to one neuron: “E and F”, “H and U”, “M and
N”, “Q and V™. This is a sign that the number of neurons
was insufficient. We enlarged the size of SOM so that each
alphabet was assigned to a different neuron. When the map
size became 10 x 10, each alphabet was assigned to a dif-
ferent neuron. Fig. 9 shows this result.

Fig. 10 shows the learning result with weight-fixed and
weight-quasi-fixed neurons. Neurons being mapped to an
alphabet are unevenly distributed in the lower right part
of the map. In addition, the alphabets “C”, “G” and “O”,
whose shapes are visually similar, are respectively mapped
to neurons which are far from one another in Fig. 10. On
the contrary, they are mapped to neurons which are rel-
atively near from one another in the batch learning (see
Fig. 9). It shows that the incremental learning method with
weight-fixed and weight-quasi-fixed neurons can not keep
the topological relation of training data.

Fig. 11 shows the learning result with the variable-
density SOM. The number of neurons after learning was
104. This is almost the same as the number of neurons in
Fig. 9. This means that the number of neurons inserted into
the map seems to be sound. Also, the alphabets “C”, “G”
and “O” were mapped to neurons which were near from
one another. Therefore, we can say that our approach can
keep the topological relationship. Fig. 12 shows the re-

Figure 6: Topological map after learning by method 3

sult with the variable-density SOM when the SOM learned
training data in a random order. In this case, again, neu-
rons labeled as “C”, “G” and “O” were mapped nearby in
the map.

In the next experiment, we compared time spent in the
incremental learning with ones in other methods. The re-
sult is shown in Fig. 13. The red colored point shows
the learning time required in the batch learning (method
1). When the training samples were learned by weight-
fixed and weight-quasi-fixed neurons (method 2) and by
the variable-density SOM (method 3), each plotted point
shows accumulative learning time. Also, accumulative
learning time when the SOM relearned all the previously
given alphabets at each time. (we call it “sequential learn-
ing”) is shown for comparison. We can see that it takes
much longer time to learn the training data with the sequen-
tial learning. Compared with this, the incremental learning
can finish the learning in shorter time. Moreover, learning
time with the variable-density SOM is shorter than the time
with weight-fixed and weight-quasi-fixed neurons though
the number of neurons with the variable-density SOM is
larger than the one with weight-fixed and weight-quasi-
fixed neurons. This reason can be explained in Fig. 14,
which shows the number of iterations required to satisfy
the weight fix condition. The number of iterations with the
variable-density SOM is smaller than the one with weight-
fixed and weight-quasi-fixed neurons. This is because the
inserted neurons had similar weights with the weight-fixed
neuron.

Finally, we examined how many neurons are mapped to
the training samples. Fig. 15 shows spatial distribution of
neurons mapped to each alphabet. The distribution value
is 0 if a training sample is mapped to only one neuron. If
a training sample is mapped to more than 1 neurons, the
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Figure 8: Topological map after learning by method 1

distribution value is calculated by the neurons’ 2-D coor-
dinates, or neurons’ positions, in the map. In the method
with weight-fixed and weight-quasi-fixed neurons, neurons
mapped to training samples given in the latter stage such
as “Z” had the larger distribution and most of training sam-
ples given in the early stage were mapped to only one neu-
ron. This is because the latter training samples have to
be mapped to non weight-fixed neurons, which are spa-
tially dispersed in a latter stage. Compared with this, in
the variable-density SOM, the training samples are remem-
bered in some neurons even if the data are learned in the
early stage. Insertion of additional neurons makes the num-
ber of iterations in learning phase smaller, and, thus, the
weights of neurons are not modified too much.

5 Conclusion

In this paper, we have proposed a new incremental learning
method of Self-Organizing Map. There are three problems
in the incremental learning of Self-Organizing Map: 1. de-
pletion of neurons, 2. oblivion of training data previously
given, 3. destruction of topological relationship among
training samples. Our approach can solve these problems.
Moreover, the training time is shorter than the traditional
incremental learning method. From several experiments,
we have found that our approach is simple and effective for
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Figure 9: Topological map after learning by method 1 (the
number of neurons: 100)
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Figure 10: Topological map after learning by method 2

the incremental learning of SOM.
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