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Abstract. Continual learning tries to address the stability-plasticity
dilemma to avoid catastrophic forgetting when dealing with non-stationary
distributions. Prior works focused on supervised or reinforcement learn-
ing, but few works have considered continual learning for unsupervised
learning methods. In this paper, a novel approach to provide continual
learning for competitive neural networks is proposed. To this end, we
have proposed a different learning rate function that can cope with non-
stationary distributions by adapting the model to learn continuously. Ex-
perimental results performed with different synthetic images that change
over time confirm the performance of our proposal.
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1 Introduction

Machine learning models are trained from fixed datasets and stationary envi-
ronments, often overcoming human-level ability. However, these models fail to
emulate the process of human learning, which is efficient, robust, and able to
learn incrementally, from sequential experience in a non-stationary world [1].
Continual learning is an increasingly relevant area of study that tries to improve
the ability of modern learning systems to deal with non-stationary distributions
[2]. The main challenge here is the stability-plasticity dilemma: learning requires
plasticity for the integration of new knowledge, but also stability in order to pre-
vent the forgetting of previous knowledge. Too much stability will impede the
efficient coding of this data, whereas too much plasticity will result in previously
encoded data being constantly forgotten [3]. This last problem is also known as
catastrophic forgetting, which is defined as a complete forgetting of previously
learned information by a neural network exposed to new information [4, 5]. Thus,
there has been new research interested in the continual learning problem in re-
cent years [6–9]. However, most of these techniques have focused on supervised
and reinforcement learning by attempting to learn a series of tasks sequentially,
but little attention has been paid to the use of these techniques in unsupervised
learning for clustering tasks where input distributions can change over time.

Unsupervised learning aims to analyze a collection of unlabeled data and find
structures or patterns without the intervention of a human expert. The informa-
tion discovered by unsupervised machine learning algorithms is typically used to
organize data into meaningful groups based on their similarities or differences
[10]. However, it can also be used to establish relationships between features in
a dataset [11] or to reduce the dimensionality of data with a large number of
characteristics to a new compact data representation in which the features that
are redundant or provide little information are not taken into consideration [12].

Competitive neural networks are classical unsupervised models that naturally
categorize the input data [13]. They follow the winner-take-all training approach,
where the weight vector of each of its processing units, known as neurons, are
adapted so that it approximates the mean or centroid of a data cluster. On each
training step, only the winning neuron is updated, that is, the neuron with the
weight vector that is closest to the current input vector is the only one that
change the cluster it represents by taking into account the information provided
by the input vector.

Competitive models excel at adaptive vector quantization [14] and have been
successfully applied to image processing. Regarding color image segmentation,
[15] shows the efficiency of a competitive learning algorithm as a tool for clus-
tering color space whereas [16] trains a competitive network with chromaticity
samples of different colors in HSV space and uses it to determine the dominant
colors that are used later in the segmentation phase. The ability of a probabilis-
tic competitive neural network to compress multispectral image data is studied
in [17]. In addition, in [18] a rival penalized competitive neural network is part
of a system designed to recognize human behavior based on body postures in a
video sequence.
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The reminder of this paper is organized as follows. In Section 2, the pro-
posed continual learning competitive model is defined. Experimental results are
reported in Section 3. Finally, Section 4 is devoted to conclusions.

2 The Model

In a competitive learning network composed of K neurons, the training phase
can be understood as a sequence of steps during which the network learns to
represent the distribution of the input data. Each neuron i has a weight vector
wi(t), which estimates the centroid of the cluster which the neuron represents.
In each step t, a sample (data vector) x(t) from the input data is presented to
the network, and the selected neuron s is the one with the closest weight vector
in the input space, i.e., the neuron whose weight vector is more similar to the
input vector. The Euclidean distance is chosen as the measure to estimate the
similarity between a neuron weight vector wi(t) and the input sample x(t) at
the training step t:

s = winner(t) = argmin1≤i≤K ∥x(t)− wi(t)∥2 (1)

Then, only the winning neuron s is updated according to the updating rule:

ws(t+ 1) = ws(t) + α(t) (x(t)− ws(t)) (2)

In that rule, α(t) is a scalar factor called learning rate that represents the size
of the correction, and is monotonically decreasing:

α(t) =
α(t− 1)

d(t)
(3)

where d(t) is a decay function. Typically, the training phase is divided in two
stages. In the first one the neurons are widely but crudely distributed to model
the distribution of the input data. For that purpose, the learning rate usually
decreases linearly, i.e., d(t) = 1 + at, or exponentially, i.e., d(t) = eat, with
a ∈ IR+. After that, a second stage is intended to fine-tune the positions of the
weight vectors and the learning rate is held constant at a low value.

After the training phase, the weights are fixed and each new input vector
is assigned to the cluster corresponding to the neuron with the closest weight
vector. If the training was successful, the weights of the neurons are distributed
so that they represent the cluster centroids of a Voronoi tesselation.

Our goal is to adapt this model to make it able to learn continuously: after
learning a specific input distribution, the neural network should be able to adapt
and change the configuration of its weight vectors to represent a different input
distribution. We seek to achieve this goal by using a different scaling strategy
during training: instead of using a scaling factor α purely dependent on t, a
function that relies on the Euclidean distances between samples and winning
neuron weights ∥x(t)− ws(t)∥2 in the last N time steps, from t to t−N + 1, is
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Fig. 1. Binary images used in the experiments, the black pixels in each one representing
a rasterized shape.

defined. We will note the Euclidean distance as e(t), since it can be seen as the
error at each time step t.

The core idea is that if the input distribution changes, the e(t) distances will
increase, thus increasing the scaling factor α, which allows the neural model to
adapt to the new input distribution and redistribute its neurons more effectively.
In order to reduce the effect of noise and outliers, which could hinder the learning
process of the network, the median of these distances is proposed as a consensus
measure, noted as C(t). Then, that value is used as input for a monotonically
increasing function f :

α(t) = f(C(t)) (4)

Different monotonic function types are considered in the experiments:

– Linear: α(t) = aC(t)

– Quadratic: α(t) = a (C (t))
2

– Cubic: α(t) = a (C (t))
3

Since in the context of the updating rule it only makes sense for α(t) to take
values in the [0 . . . 1] range, the results of these functions are clamped to that
interval. All of these functions have been modelled with just a single parameter
a in order to limit the parameter space to search, as well as to avoid non-
monotonic function shapes. Note that the number of parameters remains the
same since parameter a replaces parameter of the same name from (3).

3 Experimental Results

3.1 Dataset

To test the proposed learning system, we use it to model rasterized shapes. Each
shape comes from a binary image, as seen in Figure 1. For each binary image,
the normalized coordinates of all black pixels are randomly sampled 10000 times.
We perform training tests for sequences of two sampled shapes: in each test, we
feed the learning system first 10000 samples from one shape, then 10000 samples
from another shape, to test whether it can adapt to different models over time.
The system will first adapt to model the input distribution of the first shape,
then it will change to attempt to capture the second one.

To quantitatively evaluate the results of each experiment, we measure how
good is the system at modeling the samples from the last shape presented to
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Fig. 2. One of the conducted experiments: from X to M, with N = 50, and a cubic
function α(t) = 1000 · C(t)3. Above: configuration of the neuron weight vectors (red
dots) at different training steps, with the shape the samples are coming from in black
(no background shape is drawn at t = 10000, as this is the time step when we finish
feeding samples from the first shape, just before starting feeding samples from the new
shape). At t = 20000, the neurons marked in green are dead, i.e., no sample is nearer
to them than to any other one.Below : graph showing the evolution of e(t), C(t) and
α(t) through the online training process.

them, using the Mean Quantization Error:

MQE =
1

K

K∑
i=1

qei

In the above equation, qei is the quantization error of neuron i, defined as the
sum of distances between the final weight vector wi (after training is completed)
and the samples of its receptive field Ri, i.e., the x1, . . . , xj , . . . xRi

input samples
that are closer to wi than to any other weight vector:

qei =

Ri∑
j=1

∥xj − wi∥

For each sequence of two shapes, we perform an array of tests for all three
possible function types (linear, quadratic, cubic), and for each function type a
different array of a values, since each function type requires its a parameter to be
in a different scale to approximately keep the output of the function roughly at
the [0 . . . 1] range. We have logarithmically spaced (noted as l.s. in the following)
the tested values:
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Fig. 3. Results for a sequence of two images: first the inclined dumbbell shape, then the
horizontal version. Each row corresponds to a function type (linear, quadratic, cubic).
First column: each graph shows the results of an array of experiments; we represent
the MQE value achieved after the learning phase (one MQE for each experiment); and
each line represents the MQE values for an array of experiments, all of them with a
specific N and varying scaling factor a. The parameters achieving the best MQE for
each function type are recorded below each graph. Second, third and fourth columns:
in each row, for the experiment with the best MQE for the function type associated to
that column, the second and third columns show the neurons (red dots) at t = 10000
(right after the samples from the first shape) and at t = 20000 (right after the samples
from the second shape), respectively. In the third column, neurons marked in green are
dead, i.e., they do not represent any sample. The graphs in the fourth column show
the evolution of e(t), C(t) and α(t) for each respective experiment with the best MQE.

– For linear functions, 10 l.s. values between 0.1 and 10.

– For quadratic functions, 20 l.s. values between 0.1 and 100.

– For cubic functions, 30 l.s. values between 0.1 and 1000.

We experiment with three values for N , the size of the time window to compute
C(t): 10, 50 and 100. Additionally, we fix the number of neurons at K = 25,
but please note that (as a result) steady-state mean quantization error (MQE)
values will also depend on the area and geometry of the shape: the larger the
area, the larger the subsets of samples closer to each neuron, naturally leading
to bigger MQE values. We also initialize each neuron’s wi(0) to the mean of a
random selection of 10000/K samples from the first shape, which in practice
tends to cluster together all neurons towards the centroid of the distribution.
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Fig. 4. Results for a sequence of two images: first the shape of the letter M, then the
shape of the letter X. The arrangement of the array of results is the same as in Figure 3.
Please refer to the caption of that Figure. In the third column, we have marked in green
the neurons that are dead, i.e., no sample from the second image is nearer to them
than to other ones. Note that in the examples shown in the second, third and fourth
columns, there are no dramatic increases of α(t) after t = 10000, but the arrangement
of the shapes is such that the neurons rearrange into a good clustering of the second
shape with a continuously low α(t).

3.2 Results

The learning system is able to adapt when new distributions are fed to it. For
example, in Figure 2 we can see an experiment where we feed our learning system
first the shape of the letter X, then the shape of the letter M. As it can be seen,
when the samples fed to the system are switched to the second shape, the value
of e(t) significantly increases, leading to an increment of α(t), so that the system
adapts to the new shape.

In fact, we have checked that the system is able to adapt to new shapes with
experiments testing many parameter combinations and many different sequences
of shapes. However, there is no combination of function type, scaling factor a and
N that minimizes MQE for all possible sequences of input shapes. Figure 3 shows
a summary of the experiments where the system is presented first the inclined
dumbbell shape, ( ), then the horizontal one ( ). The figure is arrayed so each
row shows results for experiments with a specific function type (linear, quadratic,
cubic). The first column of the figure shows a graph for each function type:
summarizing the MQE achieved for experiments with different values for N and
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Fig. 5. Results for a sequence of two images: first a small square inside a wall, the just
the wall. The arrangement of the array of results is the same as in Figure 4. Please
refer to the caption of that Figure. Since the shapes are such that many neurons end
up dead in the center, the best results are achieved by maintaining consistently high
α(t) values and thus very jittery movements of neurons. In the experiment shown in
the second, third and fourth plots, this behavior enabled one of the neurons inside the
inner square to be recruited into modeling the wall of the second shape, lowering the
overall MQE.

a. Among those, we select the combination with minimal MQE and we show the
state of the neurons for that experiment right after all the samples from the first
shape (second column), and after all the samples from the second shape (third
column). Note that in the third column, we can see some dead neurons that do
not represent any sample from that shape; this is caused because, depending on
the specific arrangement of the shapes, some neurons are never selected again in
the training process. Finally, the fourth column shows e(t), C(t) and α(t) for that
same experiment. Please note that in the middle of these graphs (at t = 10000)
the learning system has adapted to the first shape and starts to be presented
with samples from the second shape, sharply but temporarily increasing C(t)
and α(t), which then go again to a background level when the learning system
adapts to the new shape.

Our expectation was that the system adaptation to new shapes (i.e. input
distribution) would be determined by a significantly increase in the value of e(t),
leading to an increment of α(t), in turn enabling the system to adapt to the new
shape. However, while this behavior could be observed in some experiments such
as the ones shown in Figures 2 and 3), this did not happen always. Instead, some-
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times α(t) would not change significantly, meaning that within the constraints
of the parameters of the training process, the system detected that very slow
adaptation rates were enough to guarantee the neurons to arrange into a good
clustering of the second shape. An example can be seen in Figure 4. In other
cases, the second shape is easy to represent many neurons are not needed. They
likely end up as dead and they do not contribute to the clustering because their
receptive fields are empty. In theses cases the best α(t) functions induce consis-
tently high α(t) values, which allow the neurons to have initial jittery trajectories
that prevent them to be dead during the online training, thus contributing to
an overall lower MQE (an example is shown in Figure 5).

4 Conclusions

In this paper, a novel continual learning approach for competitive neural net-
works is proposed. The main characteristic of this competitive neural network is
the ability to learn continuously by changing the traditional learning rate which
decreases linearly for a function of the N most recent e(t) values, so that the
learning rate α(t) increases as the e(t) increment when input samples that be-
long to a different input distribution are presented. Different monotonic function
types for the learning rate are considered, namely linear, quadratic, cubic, and
exponential.

Experimental results with two-dimensional binary images show that the model
is able to adapt to a new input distribution when a different input distribution
has been previously presented. Actually, the model is able to find a function to
adapt to the new input distribution in the most proper way, which sometimes is
a peak and sometimes is similar to a low or a high constant function. However,
the best combination of scaling factor a, N , and function type for minimizing the
MQE depends on the input distribution. Moreover, we observed dead neurons
that do not represent any sample from the input distribution at hand. Never-
theless, this can be solved by using a self-organizing mechanism in addition to
a competitive mechanism, which is the research line we plan to follow in future
works.
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