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• The emerging algorithm, Extreme Learning Machine, is known to be 
fast to train in comparison with iterative training methods, and 
performs with similar accuracy with Support Vector Machines(SVM).

• This paper focuses on developing an ELM algorithm that enables the 
number of hidden units that need to be concurrently activated to be 
reduced, as well as offering even faster times, whilst maintaining 
good performance

• This paper offers a more mechanical-friendly method applying a deep 
representation for ELM model. We wish to improve the efficiency of 
ELM trading strategy without undermining its performance and 
accuracy

Summary
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• A three layer feed forward structure. 
• The hidden layer is activated by weighted 

projections of the input to non-linear sigmoid 
neurons.

• The connection weights between the input and 
the hidden layer neurons are randomly specified 
and remain untrained

• The weights between the hidden layer and output 
layer is calculated by a least squares regression 
method such as the Moore-Penrose 
pseudoinverse

• The paper used ELMs as a stack of supervised 
autoencoders

Extreme Learning Machine (ELM)
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• Input vector:

• Weight matrix between input layer and hidden 
layer(randomized): 

• Hidden layer input:

• Hidden layer function:  

• Number of training points: K

• Training outputs from hidden layer: 

• Numerically solve for                     that 
minimizes the mean square of the difference 
between original training set Y and                        

• Solve:                                for W01

• Pass                      to the next hidden layer and 
repeat the similar procedure

Deep ELM 
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• Inspired from Regular Boltzman
machines, the classifications of images 
are embedded the training labels as 
pixel values in the otherwise unused 
boarders of the training labels. 

• Example: 
• take the first 10 pixels in the first row of 

the training images, and reset them to 0. 
Then we use the label of the respective 
image, to set the corresponding pixel to 
1.

Deep ELM + ‘Label pixels’ for classification
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• MNIST
• 70,000 handwriting digits (60,000 for training and 10,000 for test)

• 28x28 pixels images, size of input = 784

• CIFAR-10
• 60,000 RGB images (50,000 for training and 10,000 for testing)

• 32x32 pixels, N = 32x32x3 = 3072

• SVHN
• 73,257 ‘hard’ set training images, 26,032 test images

• 32x32 pixels, N = 1024

Experiment
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• Classification result

Results (MNIST Data)
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Result(CIFAR-10, SVHN)
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Efficiency Result
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• The model has performed well in MNIST data set classification, but it 
is not comparable with other convolutional neural network in CIFAR-
10 (only 56% for our model, but more than 75 percent for 
convolutional model) and SVHN (80 percent compares to 
convolutional model’s 96 percent)

• Their approach enables a classification to be made for every module 
of the deep neural network

• Eventually, its training time reduction and consistent performance 
may help us to improve the efficiency of our ELM trading models

• Future work: it is interesting in combining ELM and convolutional 
together 

Conclusion


