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Abstract 

In this paper, we will explore the nature of competitive models in the perspective of neural network 
computing technology. At the same time we investigate to demonstrate some models related to ACM-ICPC 
International Collegiate Programming Contest sponsored IBM.  

In the area of competitive learning there are different models, but all models have similar goals. A common 
goal of all models is to deliver a certain number of vectors in a possibly high-dimensional space.  In ACM 
International Collegiate Programming Contest (ICPC), vectors and high-dimensional space would be 
considered as teams, participants, competition environments and contest regions.  The major goal of the 
contest would be the same in each region. According to the ICPC mission statement the goal would be to 
interact with students from other universities and to sharpen and demonstrate their problem solving, 
programming, and teamwork skills as well as to encourage and focus public attention on the next 
generation of computing professionals as they pursue excellence.   

In terms of neural computing, there are several different and often mutually exclusive goals, which can be 
set for competitive learning systems such as error minimization, entropy maximization, feature mapping, 
and other goals. Also there are some different learning methods such as hard competitive learning, soft 
competitive learning without fixed network dimensionality, and soft competitive learning with fixed 
network dimensionality. In ACM-ICPC those models and methods may not be able to contrast using one to 
one correspondence mapping. The goal of this paper is to investigate and demonstrate some appropriate 
neural network competitive learning models and methods related to ACM-ICPC.   

1. Introduction 
 
In this section, we present a brief background of competitive learning in the perspective 
of neural network and demonstrate a sample model in ACM-ICPC programming contest 
in the next section. Due to a limited time frame, we can present only one model in this 
paper and plan to present some more models in future.    
 
1.1 Competitive Learning in Neural Network 
 
In the area of competitive learning a quite large number of models exist which have 
similar goals but vary considerably in the way they act. A common goal of those models 
is to distribute a certain number of vectors in a possibly high-dimensional space. In one 
possible way, the distribution of these vectors would reflect the probability distribution of 
the input but only through sample vectors [1]. In other words, competitive learning is a 
rule based on the idea that only one neuron from a given iteration in a given layer will 
fire at a time. There are weights, which are adjusted such that only one neuron in a layer, 



for instance the output layer, fire. Competitive learning is useful for classification of 
input patterns into a discrete set of output classes [2]. 
 
1.2 Winner-Take-All Learning Model 
 
This algorithm was introduced by (Kohonen 1984, Hecht-Nielsen 1987) and it works 
with the single node in a layer of nodes that responds most strongly to the input pattern. 
Winner-take-all may be viewed as a competitive among a set of network nodes Fig. 1. In 
Fig 1, we have an input vector X = (x1,x2 ,...xm ) passing into a layer of network nodes, A, 
B, …, N. Fig 1 shows that node B is the winner of the competition with an output of 
signal 1 [3].  
  

 
 
Fig 1 A layer of nodes for application of a winner-take-all algorithm   
 
Winner-take-all algorithm is an unsupervised learning and the winner is determined by a 
“maximum activation” test. Updating its components closer to those of the input vector 
then rewards the weight vector of the winner. The increment of the weights W, of the 
winning node with components X of the input vector, is  
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where c is a small positive learning constant that usually decreases as the learning 
proceeds. The winning weight vector is then adjusted by adding .tWΔ  This reward 
effects increment or decrement on each component of the winner’s weight vector by a 
fraction of the ii wx − difference. The effect causes the winning node match more closely 
the input vector. The activation level of a node is the fact that is related to the closeness 
of its weight vector to the input vector. The winner-take-all algorithm does not directly 
compute activation levels to find the node with the strongest response. For a node j with a 
normalized weight vector Wj, the activation level WjX is a function of the Euclidean 
distance between Wj and the input pattern X. By calculating the Euclidean distance, with 
normalized Wj: the function can be seen as  



X − W j = ( X − W j ) 2 = X 2 − 2 XW j + W 2  

 
From this equation, the weight vector with the smallest Euclidean distance WX −  will 

be the weight vector with the maximum activation value, ∑
=
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cases, calculating Euclidean distances rather than comparing activation levels on 
normalization weight vectors is more efficient to determine the winner.   
This winner-take-all model is the one that is a classification method and compare it to 
perceptron classification. Also it may be combined with other network architectures to 
offer more sophisticated models of learning [3].  
  
1.3 Other Models 
 
Winner-take-all learning methods is also known as hard competitive learning that 
comprises methods where each input signal only determines the adaptation of one unit, 
the winner. A general problem on hard competitive learning is due to inappropriate 
initialization. Because of inappropriate initialization, some units may never be winner for 
an input signal and keep their position indefinitely. Different random initialization may 
also lead very different results.  
 
Another problem of hard competitive learning is that different random initializations may 
lead to very different results. The purely local adaptations may not be able to get the 
system out of the poor local minimum where it was started. One way to cope with this 
problem is to change the ``winner-take-all'' approach of hard competitive learning to the 
``winner-take-most'' approach of soft competitive learning. In this case not only the 
winner but also some other units are adapted [1]. 
 
In the area of soft competitive learning, models have in common that no topology of a 
fixed dimensionality is imposed on the network. In one case there is no topology at all 
(neural gas). In other cases the dimensionality of the network depends on the local 
dimensionality of the data and may vary within the input space. In this paper, we will 
refer their detailed descriptions to the reference material [1].  Also there are some other 
models in competitive learning area. In this paper, we could present only winner-take-all 
or hard competitive learning model.  
 
2. Competitive Learning in ACM-ICPC International Collegiate Programming Contest 
 
In this section we will demonstrate a competitive learning model based on ACM-ICPC 
International Programming Contest. There may be several different models depending on 
the weights we define. 
 
 
 
 
 



2.1 A Model of the ACM-ICPC Programming Contest 
 
Consider the input value X = (x1,x2 ,...xm ) where m is the number of problems in the 
problem set and weights W = (w1,w2 ,...wn ) where n is the number of teams participating 
in the contest. That means that there will be m nodes at level 0 (Problems) and n nodes at 
level 1 (Teams) in the network. The weights are also considered as the correctness of 
submission of the problem set. Initially the input vector X is set as unit vector 
X = (1,1,...,1) and the weight vector W is set as W = ( 0, 0,..., 0). The value “1” means 
the correct answer and “0” means incorrect answer for a problem. For example, at a 
certain time period t, suppose for the node J, i.e. Problem J has the weight 
Wj

t = ( 0,1, 0,..., 0,1) means that team B and team N have got the correct answer on 
Problem J.  
 
2.2 An Example 
 
Based on the above model in section 2.1, suppose there are three problems in the problem 
set and five participating teams in a contest shown in Fig 2 below.  

 
Fig 2 
 

After training the weights sometime, in other word, at the end of the contest time the 
following weights W are as follow: 
 
W1 = (1,0,1, 0,1)

W2 = (1,1,1,1,1)

W3 = (0,1,1,0,0)

 

 
 
 
 



The activation values are 

WAX = WiAXi
i=1

3

∑ = 2 

WBX = WiBXi
i=1

3

∑ = 2 

WCX = WiCXi
i=1

3

∑ = 3 

WDX = WiDXi
i=1

3

∑ = 1 

WEX = WiEXi
i=1

3

∑ = 2 

From the above activation values, the maximum is 3 at node “C”. So the winner is team 
“C”. Alternatively, according to our discussion in section 1.2, we can also evaluate the 
weight vector with the smallest Euclidean distance WX −  and discover the smallest 
Euclidean distance at node C. Then we can also decide that the winner is team “C”. 
 
3. Conclusion 
 
In this paper, we could only present a brief investigation of competitive models on the 
nature of neural network and demonstrate an ACM-ICPC programming contest model. 
According to the reference [4] “Winner take all hypothesis suggests that once a 
technology or a firm gets ahead, it will do better and better over time, whereas, lagging 
technology and firms will get behind further”. There are several models and ways to 
explore and investigate on the area of competitive learning in neural network era.  
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