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ABSTRACT: Extreme learning machine (ELM) is an emerging learning algorithm for the generalized single hidden
layer feedforward neural networks, of which the hidden node parameters are randomly generated and the output
weights are analytically computed. However, due to its shallow architecture, feature learning using ELM may not be
effective for natural signals (e.g., images/videos), even with a large number of hidden nodes. Recently, multilayer
extreme learning machine (ML-ELM) was applied to stacked autoencoder (SAE) for representation learning. In
contrast to traditional SAE, the training time of ML-ELM is significantly reduced from hours to seconds with high
accuracy. However, ML-ELM suffers from several drawbacks: 1) manual tuning on the number of hidden nodes in
every layer is an uncertain factor to training time and generalization; 2) random projection of input weights and bias in
every layer of ML-ELM leads to suboptimal model generalization; 3) the pseudoinverse solution for output weights in
every layer incurs relatively large reconstruction error; and 4) the storage and execution time for transformation
matrices in representation learning are proportional to the number of hidden layers. Inspired by kernel learning, a
kernel version of ML-ELM is developed, namely, multilayer kernel ELM (ML-KELM), whose contributions are: 1)
elimination of manual tuning on the number of hidden nodes in every layer; 2) no random projection mechanism so as
to obtain optimal model generalization; 3) exact inverse solution for output weights is guaranteed under invertible
kernel matrix, resulting to smaller reconstruction error; and 4) all transformation matrices are unified into two matrices
only, so that storage can be reduced and may shorten model execution time. Benchmark data sets of different sizes have
been employed for the evaluation of ML-KELM. Experimental results have verified the contributions of the proposed
ML-KELM. The improvement in accuracy over benchmark data sets is up to 7%

KEYWORDS: Deep learning (DL), deep neural network (DNN), extreme learning machine (ELM), multilayer
perceptron (MLP), random feature mapping, Kernel learning, multilayer extreme learning machine (ML-ELM),
representation learning, stacked autoencoder (SAE).

I. INTRODUCTION

During the past years, extreme learning machine (ELM) has been becoming an increasingly significant research
topic for machine learning and artificial intelligence, due to its unique characteristics, i.e., extremely fast training, good
generalization, and universal approximation/ lassification capability. ELM is an effective solution for the single hidden
layer feedforward networks (SLFNSs), and has been demonstrated to have excellent learning accuracy/speed in various
applications, such as face classification, image segmentation , and human action recognition.

Unlike the other traditional learning algorithms, e.g., back propagation (BP)-based neural networks (NNs), or
support vector machine (SVM), the parameters of hidden layers of the ELM are randomly generated and need not to be
tuned, thus the hidden nodes could be established before the training samples are acquired. Theoretically, Huang et al.
have proved that the SLFNs with randomly generated hidden neurons and the output weights tuned by regularized least
square maintain its universal approximation capability, even without updating the parameters of hidden layers. In
addition, solving the regularized least squares problem in ELM is faster than that of the quadratic programming
problem in standard SVM or gradient method in traditional BP-based NNs. Thus, ELM tends to achieve faster and
better generalization performance than those of NNs and SVM.
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Representation learning is a kind of methods that automatically extracts an effective representation from a set of
available data (x, t), whose attractive advantage is the elimination of burdens of human intervention and expert
knowledge. Out of different representation learning methods, autoencoder (AE) is a direct and efficient computational
algorithm, which learns the data representation by replacing output t with input x itself. By stacking multiple AEs into a
stacked AE (SAE), more expressive and complex data representation can be learned in a hierarchical manner. There is
a wide range of applications for SAE, including dimension reduction and transfer learning. For dimension reduction,
multimedia data are a good example whose high-dimensional raw input is usually noisy and unsuitable for direct
processing. SAE takes the raw multimedia data, and learns a reduced yet informative representation by setting the
number of hidden nodes L; in the ith hidden layer fewer than L.y in the (i — 1)th hidden layer.

For transfer learning the effective representation in source tasks is transferred to the target task, so that the
performance of target task can be improved. For example, in speech emotion recognition, only a few corpora are
available while they are highly dissimilar in terms of spoken language. SAE learns a representation trained on a
specific emotion class from target data set. Then, this representation is applied to the source data set with the same
emotion class in order to reconstruct the target data set for emotion classification. These examples illustrate the
significance of SAE. However, the iterative layerwise training process by back-propagation in SAE is extremely time-
consuming. Hence, a time-efficient improvement over SAE is desired.

Recently, multilayer extreme learning machine (ML-ELM) was proposed by employing ELM-based AE (ELM-AE)
in SAE. The major contribution of ML-ELM is its extremely fast training speed, aiming to resolve the time-consuming
issue of deep learning. From the experimental results, ML-ELM achieves much faster speed with even higher
generalization than SAE, deep belief network, deep Boltzmann machine, and so on. The ELM mechanism is based on
random projection, where the input weights a and bias b for the input layer of AE are randomly generated while the
weights for output layer (i.e., output weights) can be analytically calculated without any iteration. Another advantage of
ML-ELM is that representation learning and classification can be integrated into a single learning process where
multiple layers of ELM-AE are for representation learning, followed by a final layer of ELM for classification.

Il. LITERATURE SURVEY

A. Extreme Learning Machine for Multilayer Perceptron

Extreme learning machine (ELM) is an emerging learning algorithm for the generalized single hidden layer
feedforward neural networks, of which the hidden node parameters are randomly generated and the output weights are
analytically computed. However, due to its shallow architecture, feature learning using ELM may not be effective for
natural signals (e.g., images/videos), even with a large number of hidden nodes. To address this issue, in this paper, a
new ELM-based hierarchical learning framework is proposed for multilayer perceptron. The proposed architecture is
divided into two main components:

1) self-taught feature extraction followed by supervised feature classification and 2) they are bridged by random
initialized hidden weights. The novelties of this paper are as follows:

1) unsupervised multilayer encoding is conducted for feature extraction, and an ELM-based sparse autoencoder is
developed via I1 constraint. By doing so, it achieves more compact and meaningful feature representations than the
original ELM; 2) by exploiting the advantages of ELM random feature mapping, the hierarchically encoded outputs are
randomly projected before final decision making, which leads to a better generalization with faster learning speed; and
3) unlike the greedy layerwise trainin of deep learning (DL), the hidden layers of the proposed framework are trained in
a forward manner. Once the previous layer is established, the weights of the current layer are fixed without fine-tuning.
Therefore, it has much better learning efficiency than the DL. Extensive experiments on various widely used
classification data sets show that the proposed algorithm achieves better and faster convergence than the existing state-
of-the-art hierarchical learning methods. Furthermore, multiple applications in computer vision further confirm the
generality and capability of the proposed learning scheme.
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B. An Insight into Extreme Learning Machines: Random Neurons, Random Features and Kernels

Extreme learning machines (ELMs) basically give answers to two fundamental learning problems:

(1) Can fundamentals of learning (i.e., feature learning, clustering, regression and classification) be made without
tuning hidden neurons (including biological neurons) even when the output shapes and function modeling of these
neurons are unknown?

(2) Does there exist unified framework for feedforward neural networks and feature space methods? ELMs that
have built some tangible links between machine learning techniques and biological learning mechanisms have recently
attracted increasing attention of researchers in widespread research areas.

This paper provides an insight into ELMs in three aspects, viz:

random neurons, random features and kernels. This paper also shows that in theory ELMs (with the same kernels)

tend to outperform support vector machine and its variants in both regression and classification applications with
much easier implementation.

C. Random Feature Mapping with Signed Circulant Matrix Projection

Random feature mappings have been successfully used for approximating non-linear kernels to scale up kernel
methods. Some work aims at speeding up the feature mappings, but brings increasing variance of the approximation. In
this paper, we propose a novel random feature mapping method that

uses a signed Circulant Random Matrix (CRM) instead of an unstructured random matrix to project input data. The
signed CRM has linear space complexity as the whole signed CRM can be recovered from one column of the CRM,
and ensures loglinear time complexity to compute the feature

mapping using the Fast Fourier Transform (FFT). Theoretically, we prove that approximating Gaussian kernel
using our mapping method is unbiased and does not increase the variance. Experimentally, we demonstrate that our
proposed mapping method is time and space efficient while retaining similar accuracies with state-of-the-art random
feature mapping methods. Our proposed random feature mapping method can be implemented easily and make kernel
methods scalable and practical for large scale training and predicting problems.

I1l. PROPOSED METHODOLOGY

The proposed ML-KELM is developed by stacking multiple kernel version of ELM-AEs, namely, KELM-AE. In this
section, the details of KELM-AE and ML-KELM are discussed.

Input Output

xtv Hidden layer xv
Qi i) e,

Fig. Architecture of the ith KELM-AE, in which the hidden layer
A. KELM-AE

Similar to ELM-AE, KELM-AE learns the data transformation from hidden layer to output layer. As shown in Fig., the
input matrix X% is mapped into a kernel matrix Q@ via kernel function K® (x, xj ) = exp(~ || xx — x; || / 26 ) (i.e.,
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RBF with parameter ; in our case). In order to avoid confusion, I' is used to represent the ith transformation matrix in
KELM-AE, which can be learned similar to ELM-AE in T’

'V s calculated by
={/C + Q0 )-1 x®
In the final step of transformation procedure, the data representation X'** is obtained similar to
X" = g(xO(rr )"

where g is an arbitrary activation function. If the ith layer has the same dimension as the (i + 1)th layer, g can be
chosen as linear piecewise. In ML-KELM, all I’ (i>1) are of the same dimension n x n (i.e., square matrix). Then,
linear piecewise activation function can be applled toall 'Y | except I'™

Hence, the transformation matrices I"® for | > 1 can be unified mto a single matrix I" ynifieq the representatlon
capability. Consequently, only two matrices I'Wand I' yiea Can represent all transformations. KELM-AE is detailed
in Algorithm 1.

ML-KELM adopts two separate learning procedures as in H-ELM so that ML KELM can also maintain the
universal approximation of ELM. In the stage of representation learning, each pair of 'Y and X® (for ith KELM-AE)
can be calculated. Finally, the final data representation X final is calculated and fed as input to train a K-ELM
classification model as follows:

- - Q(final) B =T
where Q" s the kernel matrix obtained from X The output weight p is calculated by

p=m/C + Qfinah)-1

Similarly, ML-KELM does not perform iterative fine-tuning once all the parameters are fixed in every layer. On the
other hand, the proposed ML-KELM does not need to tune L; , a; , and b; for any layer, which is a significant appeal
upon multilayer neural networks, such as ML-ELM and H-ELM. The procedure of ML-KELM is detailed in Algorithm
2.

Algorithm 1 KELM-AE for the ith Layer

Input: Input matrix X, regularization C;, kernel parameter o;,
and activation function g;
Output: New data mprcscnmtiunhX(‘H) and transformation

= (i)

matrix T .
Step 1: Calculate the kernel matrix SZE_[‘];. « K(x¢, x;,09)
Step 2: Calculate the transformation matrix 1:“) « (ZI"_- +

QUy=1x0)

Step 3: Calculate new data representation XD
x0T

return X{H'l), and f“)
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IV. RESULT AND DISCUSSIONS

Algorithm 2 Proposed ML-KELM

Input: input matrix X, output matrix T, regularization C; for
all layers, kemel parameters of ¢; for all layers, the number
of layers Npqyer, and activation g;

Qutput: representation matrix X2l two transformation matrices
f'{l) and f'uniﬁcd, and output weight

Step 1: Caleulate X2, T  KELMAEXD, ¢y, 01, 8))

Step 2: Caleutate XO, %  KELMAEX®, Cy, 09, 29)

Step 3: Initialize ['yyipeg < I

for i =3: Npgyer — 1 do
Step 4 Caleulie XD PO o kELM-

AE(XY, ¢, 01, 8)
Step 5: Update l7‘uniﬁpd «T !)f'uniﬁcd

Step 6: i < Npgyer; X X0

Step 7: Calculate QF)J « K(")(x{_”, x?), o;)

Step 8: Calculate the output weight g « ((l}- + Q(i))_lT

el (1
return X2 PO F o and B

In this section, ML-KELM is evaluated over 20 publicly available benchmark data sets from UCI repository and
http://openml.org. All data sets are described in Table | and categorized into small, medium, and large in terms of size
in order to have a thorough evaluation on the training time and testing accuracy.

A. Experiment Setup

The experiments are conducted using python 3.6 running on a 3.6-GHz i7 CPU with 16-GB RAM. The
number of hidden layers is set to 3 for all experiments. For ML-ELM and H-ELM, the numbers of hidden nodes L; (i =
1 to 3) are, respectively, setas 100 xm{m=, 2, ..., 15}.

For the proposed ML-KELM, tuning of L; is not necessary and
RBF kernel is chosen as the kernel function for invertible
kernel matrix Q. For all methods, the regularization parameter C; (i = 1 to 3) in each layer is, respectively, set as 10 x,
{x=-7,-5,...,7}.

For ML-KELM, the kernel parameter o; (i = 1 to 3) in each layer is, respectively, setas 10 x {x =-7,-5, ...,
7}. Tenfold cross validation is used for all experiments for a fair comparison.
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TABLE 1
PROPERTIES OF BENCHMARK DATA SETS TABLE III
Category Dataset #Instances  Features TRAINING TIME (IN SECONDS) FOR ALL DATA SETS
Small Bupa 250 6 Dataset ML-ELM ML-KELM H-ELM
Pima 500 8 ﬁ‘_‘-”“ 8?3 g::; g?’}j
. _ ima . X A
Cmc 1000 9 5 Cme 0.15 0.12 0.41
Yeast 1000 8 g Yeast 0.32 0.09 0.28
Segment 1700 19 Segment 0.33 0.6 043
Mfeat 1400 649 Mfeat 0.53 0.33 1.32
Medium Gina 2500 970 Gina s > B
Prior 2500 785 Advertisement 2.23 1.99 3.37
Advertisement 2500 1558 £ Isolet 1.71 1.51 2.09
. 5 E Abalone 1.09 2.10 0.28
Isolet 2500 617 3 / a8 203 057
Abalone 3000 8 = etter ‘ e :
Har | 1.62 2.39 2.10
Letter 3000 16 Adulr 1 1.39 2.35 33
Har 1 3000 562 Spambase 2.03 4.14 2.55
Adulr 1 3000 122 Waveform 3.09 5.36 3.31
Vowels 3.69 19.26 5.06
Spambase 3500 57 % Har 2 2.39 24.83 310
Waveform 4000 21 g Sylva 1.35 42.13 1.05
Large Vowels 7000 14 Adult 2 1.42 187.38 4.19
Har 2 7352 562
Sylva 10000 216
Adulr 2 15000 122

B. Evaluation of Testing Accuracy

For each of ML-ELM, H-ELM, and ML-KELM, the testing accuracy under the best combination of parameters is
shown and compared in Table Il, where ML-KELM outperforms the other two methods for all data sets (up to 7% for
Pima). When there is plenty of data, ML-ELM performs similar to ML-KELM (Table Il Large). However, ML-ELM
and H-ELM are suboptimal, because the input weight a; and bias b; in every layer are randomly generated. In some
cases, poorly generated a; and b; deteriorate the generalization of ML-ELM and H-ELM (shown in Table 11). Therefore,
ML-ELM and H-ELM require numerous retrainings under fixed parameters in order to find out the best combination of
a; and b; for high model generalization. Furthermore, the accuracies of ML-ELM and H-ELM are very sensitive to L; .

In ML-KELM, these two issues have been completely resolved due to the advantages of kernel learning.
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TABLETI
MEAN AND STANDARD DEVIATION OF TESTING ACCURACY (%)
OF TENFOLD CROSS VALIDATION UNDER BEST
COMBINATION OF PARAMETERS

Dataset ML-ELM ML-KELM H-ELM
Bupa 73.404+6.8  75.16+6.9  73.21+47.1
_ Pima 7403446 7961451 7357431
TE Cine 56.72439  57.89+4.1 5637419
o Yeast 60.124£2.8  61.4243.1  59.854+39
Segment 91.70+0.9  93.29+1.2 8891%23
Mfeat 94.884+1.1  96.02+1.3  §9.39+37
Gina 88.56+0.9  93.26+1.0 91.09+13
Prior 94.244-0.5 95.74+1.7 94.60%1.3
Advertisement  93.48+0.8  95.15+£0.7 92.72+15
= Isolet 92.564+0.6  9451+1.0 91.24+1.2
._E Abalone 56.28+1.8 58.94+13 57.80+1.2
S Letter 86.71+1.5 8840+14 8523415
= Har 1 9792405  98.53+04  93.95+0.7
Adulr 1 84.1840.8  84.33+1.2  83.20+£15
Spambase 83.32+1.3  86.93+2.1 76.22+12
Waveform 8493+12  87.03x04 84.871+04
o Vowels 91.31%1.1 9392+0.3 77.33+£13
oh Har 2 98.464+03  99.22+0.2  93.93£0.7
3 Sylva 97.3240.1  98.77+0.1  96.84+0.3

Adulr 2 84.564£0.0  85.01+£0.0  84.71+00
Average 8423416  86.16+1.6  82.75+1.8

C. Evaluation of Average Training Time

The average training times of ML-ELM, H-ELM, and ML-KELM are compared and shown in Table I1l. ML-KELM is
the fastest for most of the small data sets. The reason is that the training time of ML-KELM depends on the number of
training data n, while ML-ELM and H-ELM depend on the number of hidden nodes L; . Subject to data complexity,
large L; tends to provide higher model generalization but increases training time. For small data sets, L; is usually larger
than n, so that ML-KELM is mostly with faster training time than ML-ELM and H-ELM. However, ML-KELM
becomes slower than ML-ELM and H-ELM in large data sets because of large n > L;. Nevertheless, in ML-ELM and
H-ELM, L; can easily become more than 10 000 for highly nonlinear applications (in our experiments, L i is set to at
most 1500, because the data are not highly nonlinear).

Although the average training time of ML-KELM becomes slower for large data sets, it is not the case practically. Note
that Table I11 shows only the average training time for one model with fixed parameters. Although ML-ELM or H-
ELM take shorter average training time, they need to thoroughly try numerous combinations of parameters (such as L; ,
a; , and b; ) for the best model, so that ML-ELM or H-ELM may take even longer total training time. Even in the case
that thorough combinations of parameters are tried, ML-ELM or H-ELM may not have better model generalization
than ML-KELM, due to the issue of accumulated reconstruction error (as shown in Table II). Therefore, it is more
appealing to have a multilayer neural network with less user intervention, such as ML-KELM.

D. Evaluation on Highly Nonlinear Application
To further illustrate the advantage of ML-KELM, a highly nonlinear data set Madelon was employed that consists of

2000 training data of 500 features. Madelon was employed in NIPS 2003 feature selection challenge . In highly
nonlinear application, ML-ELM requires a large L; in order to obtain better accuracy. In this experiment, L; is set to at
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most 10 000 and the best combination of other parameters (e.g., network structure, regularization, scaling factors,
kernel parameter, and so on) is experimentally determined for both ML-ELM and ML-KELM. The network structure of
ML-ELM is (500-7000-2500-2) with regularization C and scaling factors (r ho, sig, and sigl) = 10 5, 0.05, 0.7, 0.8,
respectively, for layer 500-7000; 10, 0.05, 0.8, 0.9, respectively, for layer 7000-2500, and 10, 0.05, respectively, for
layer 2500-2. On the other hand, for n = 2000, ML-KELM has an automatically determined structure (500-2000-2000-
2) with regularization C and kernel parameter ¢ set to 10 —7 , 10 —7 , respectively, for layer 500-2000; 10 3, 105,
respectively, for layer 2000-2000, and 10 3, 10 7, respectively, for layer 2000-2. As shown in Table 1V, ML-KELM
significantly outperforms ML-ELM in terms of total training time, testing accuracy, and execution time. With kernel
learning, ML-KELM can produce significant improvement on highly nonlinear applications.

TABLE IV
AVERAGE PERFORMANCE OF ML-ELM AND ML-KELM FOR Madelon
UNDER BEST COMBINATION OF PARAMETERS

Training Testing Execution

time (s)  accuracy (%) time (s)
ML-ELM 8.15 68.7240.1 0.09
ML-KELM 0.864 72.67+0.1 0.06

V. CONCLUSIONS

In this brief, the proposed ML-KELM is a kernel version of ML-ELM by stacking multiple KELM-AEs, which
has resolved several drawbacks over ML-ELM and H-ELM.

1) ML-KELM does not need to tune the parameters (L;, a; , and by ) for all layers as in ML-ELM and H-
ELM.

2) ML-KELM learns an optimal model in one-shot under fixed parameters.

3) The transformation matrices I'” can be learned via exact inverse of kernel matrix rather than
pseudoinverse, resulting to better reconstruction of data representation and better model generalization. In the
experiments, testing accuracy is improved up to 7% (for Pima).

4) Transformation matrices I'® for all layers can be combined into two transformation matrices only.
Their storage sizes are compact and fixed regardless to the number of hidden layers, which are helpful to those
memory-critical systems. In addition, model execution time can be much shortened benefited from the unified
transformation matrices.|
n a nutshell, ML-KELM has a remarkable improvement on the learning of data representation over ML-ELM and H-
ELM with less user intervention.
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