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ABSTRACT
Deep learning techniques have made great progress in clas-
sifications of complex datasets [3]. This project aimed to
determine whether further improvements could be made by
the addition of unsupervised competitive layers to deep neu-
ral networks, with the reasoning that they could perform
noise reduction on complex inputs.

In order to do this, competitive neural networks of varying
sizes, structures, and behaviours were constructed and fed
into a feedforward neural network, and their performance
evaluated. Testing on the MNIST database of handwritten
digits [4] showed that whilst fully connected competitive lay-
ers did not improve the classification accuracy, more com-
plex structures such as subdivisions and competitive convo-
lutions were able to produce moderate improvements in the
network’s performance.
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1. INTRODUCTION
Machine learning research has produced many useful tech-

niques for tackling classification problems. However, there
is still much room for improvement when classifying noisy
datasets and those with significant variation between ele-
ments of the same class. In recent years, deep learning
methods such as multilayered neural networks have become
an increasingly popular method for tackling these complex
problems.

The aim of this project was to investigate the potential use
of competitive interactions within deep neural networks, and
determine whether they could improve classification perfor-
mance. These unsupervised interactions cause neurons to
‘compete’ to respond to an input in order to produce dis-
tinct patterns of weights that are representative of features
in the dataset [6].

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full cita-
tion on the first page. Copyrights for components of this work owned by others than
ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or re-
publish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

WomENcourage 2016 Linz, Austria
c© 2016 ACM. ISBN -. . . -

DOI: -

2. METHODOLOGY
A neural network was built, consisting of a series of unsu-

pervised competitive layers, feeding into a supervised multi-
layer perceptron. A range of methods were used in order to
determine which structures and parameters led to the most
accurate classifier. These included adjusting the learning
rate, number of neurons, and update rule, as well as the in-
troduction of more complex techniques such as conscience
[1], subsampling and original structures based on convolu-
tional neural networks.

The network’s performance was then tested on the MNIST
database of handwritten digits, and the impact of the differ-
ent techniques on the classification accuracy was analysed.
In addition, the performance was compared with the results
obtained using non-competitive deep learning techniques on
the same dataset.

3. RESULTS
Figure 1 shows a comparison of the results obtained with

the results produced by researchers using other deep learning
techniques [2][3][5]. The ‘benchmark’ result was produced
by normalising the inputs and classifying them using the
feedforward network, without use of the competitive section.

Subdivisions produced the highest accuracy for the net-
work, with an error rate of 2.1%, outperforming the com-
petitive convolutional network and fully-connected network.
This could be due to the ability of the neurons to specialise
in recognising patterns in a region, rather than more general
patterns.

The introduction of the conscience mechanism produced
an improvement when used with the fully-connected com-
petitive network, but not when used with the convolutional
and subsampling networks.

4. CONCLUSIONS
Whilst fully connected competitive layers did not improve

the classification accuracy, more complex structures such as
subdivisions and competitive convolutions were able to pro-
duce moderate improvements in the network’s performance.
However, this increased accuracy was not as high as that
obtained from other deep learning methods, such as convo-
lutional neural networks and deep belief networks.

Despite this, the use of competitive neural networks to
reduce noise in inputs to deep neural networks could still
be useful for other types of problem, as the noise reduction
properties of the competitive networks may have a greater
impact on noisier and more complex datasets.



Figure 1: Comparison of results
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