
平成 27年度創成シミュレーション工学専攻修士論文梗概集 

計算システム工学分野 

 

Extreme Learning Machine applied to the CombNET classification framework 

 

学籍番号 26413546氏名 de Brito Ninomia Alisson 

指導教員名 岩田 彰 

1 Introduction 

   The CombNET classification framework was 

developed specifically in this laboratory with the 

purpose of solving classification problems with large 

amounts of data. The current installment of the 

CombNET achieves high classification rates; however, 

that is at the cost of a high computational complexity. 

As large-scale classification is becoming more relevant 

in modern society, if our system is to become a service 

that can be used by regular customers in the market, 

it is necessary to make learning and classification 

faster while keeping the current accuracy.  

 

2 Background 

2.1 CombNET 

   The method that sets the CombNET apart as a 

large-scale classifier is called Divide & Conquer. The 

system is divided in two main parts: A combination of 

sequential clustering and vector quantization, called 

the Stem network and a set of expert classifiers for 

each cluster, called Branch networks. 

   The stem network divides the data roughly into 

clusters, as represented by the bold lines in Figure 2.    

Then, for each cluster, a branch network is configured 

to further divide it into appropriate class regions 

(represented by the dotted lines in Figure 2). The 

CombNET-II, the framework which this research is 

based on, used Multilayer Perceptrons (MLP) trained 

with the Backpropagation algorithm (BP). 

 

2.2 Extreme Learning Machine 

   The Extreme Learning Machine is a training 

method for a standard Multilayer Perceptron proposed 

by Huang et al. in 2004 [1] . Considering a standard MLP, 

where the hidden layer weights and the output layer 

weights have two different notations (w and  β), N is 

the number of samples, M is the number of features, 

 

Figure 1 - Overview of the CombNET framework 

 

Figure 2 - Decision hyperplanes of the stem and branch 

networks 

 

K the number of hidden neurons and C the number 

of classes. In the output calculation, each sample is 

multiplied by the hidden layer weights and applied 

to an activation function. The matrix summarizing all 

of these operations for every sample (with bias b) 

can be represented by  

 

and thus, the calculation of the outputs T is given by 

 

   In standard learning techniques, all weights are 
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initialized randomly and learned throughout a series 

of iterations, usually by adjusting them using the 

gradient of the final error. The ELM proposes that, if 

only the inner layer of weights w is initialized at 

random and β is calculated analytically from H, the 

results will match the desired outputs. This method 

achieves the same recognition rate as the 

Backpropagation algorithm in significantly less time.  

   However, making the matrix H square in order to 

invert it would mean making the number of hidden 

neurons equal to the number of samples. This 

increases computational cost dramatically, which is 

why the article proposes that the pseudo-inverse of H 

([HTH]-1HT) be used instead.  

 

3 Proposed System 

   Although the CombNET-II framework had high 

accuracy, both learning and recognition processes 

were slow due issues with the Backpropagation 

algorithm. The proposed method takes advantage of 

the random property of the ELM’s hidden layer to 

decrease computational complexity of both learning 

and testing processes of the CombNET framework. 

   If the output layer weights of an MLP can be 

learned solely from the training samples and the 

hidden layer random weights, it is fair to say that the 

hidden layer weights might as well be exactly the 

same for all branch networks.  

   In the testing process, the score output of all 

branch networks must be calculated. However, if the 

hidden layer weights are identical for all of them (i.e. 

only β differs for each branch), each line in the H 

matrix only needs to be calculated once before the 

scores of all branches can be calculated. This would 

reduce the CombNET’s overall testing time 

proportionally to the number of branches being used 

to classify the data. 

 

4 Experiments 

   Tests with smaller databases from UCI confirmed 

the efficiency of the ELM when compared to the BP 

algorithm. The main experiments consisted of using 

the handwritten Japanese character database ETL8B 

(881 kanji +75 hiragana classes) in a configuration of 

15 clusters for the CombNET. The result for each 

branch is represented in Figure 3. 

 
Figure 3 - Recognition Rate per Branch for the ETL8B 

Database 

 

5 Conclusion 

   The ELM proves to be a viable solution to reduce 

computational complexity for both training and testing 

of the CombNET framework. However, the final result 

of the CombNET could not be calculated due to the 

fact that the scores generated by the ELM are 

unbounded. Thus, even if one branch has a higher 

winning margin from one class to others, the absolute 

score value of another branch might be higher with a 

smaller winning margin, causing samples to be 

misclassified, even if the stem network and the 

corresponding branch network are giving the correct 

results. 

   This indicates that if the ELM is to be applied in the 

CombNET to reduce computational complexity, 

bounding strategies such as the one used in 

CombNET-III [2] must be applied to the final 

classification process. 
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