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Abstract. In this paper, we have proposed a new algorithm to train
neural network, called Class-Constrained Extreme Learning Machine
(C2ELM), which is based on Extreme Learning Machine (ELM). In
C?ELM, we use class information to constrain different parts of con-
nection weights between input layer and hidden layer using Extreme
Learning Machine Auto Encoder(ELM-AE). In this way, we add class
information to the connection weights and make the features in the hid-
den layer which are learned from input space be more discriminative
than other methods based on ELM. Meanwhile, C2ELM can retain the
advantages of ELM. The experiments shown that C2ELM is effective and
efficient and can achieve a higher performance in contrast to other ELM
based methods.

Keywords: Extreme Learning Machine, Class-Constrained, Discrimi-
native, Extreme Learning Machine Auto Encoder

1 Introduction

Extreme Learning Machine (ELM) [1-5] is firstly proposed to train “generalized”
single-hidden layer feedforward neural networks (SLFNs). In ELM, the connec-
tion weights between input and hidden layer are called input weights. The input
weights and hidden biases are chosen randomly. The connection weights between
hidden layer and output layer, which are called output weights, are analytically
determined [4], i.e. the only free parameters which need to be learned are the
output weights [6]. The learning process is without iteratively tuning and with a
fast learning speed. In this way, ELM can be regarded as a linear system [2] and
the objective is to minimize the training error and the norm of output weights
at the same time. Thus, ELM has a good generalization performance according
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to the work of Bartlett [7]. Because of the fast learning speed and good gen-
eralization performance, ELM has been widely used in many aspects, such as
regression [5], classification [8], clustering [8,9] and feature learning [10, 11].

In order to achieve a desirable performance, ELM usually uses a large number
of hidden nodes which increases the computation cost of training and testing
process and easily leads the model to be over-fitting. Besides, as the randomly
chosen input weights and hidden biases determine the computation of the output
weights, the input weights and hidden biases may exist a more compact and
discriminative parameter set which can contribute to improve the performance
of ELM [12]. So as to get a more compact and discriminative parameter set,
several methods are proposed. Yu et al. [13] used back-propagation method to
train the SLFNs and then used the learned connection weights between input
layer and hidden layer and the hidden biases of SLFNs to initialize the input
weights and hidden biases of ELM, which can achieve a better performance than
randomly chosen input weights and hidden biases. Kasun et al. [11] learned the
feature mapping matrix using ELM-AE, which is useful to initialize the input
weights of deep ELM, and also improved the performance of ELM. Zhu et al.
[14] proposed constrained ELM (C-ELM), which constrain the input weights to
a set of difference vectors of between-class samples in training data. McDonnell
et al. [15] proposed shaped input-weights and combined different approaches of
parameters initialization to explore the performance of ELM.

In this paper, we propose a method based on ELM-AE. We reconstruct each
class of training samples and all the training samples using ELM-AE to get the
feature mapping matrices respectively, i.e. output weights of ELM-AE. Then
we combine all the the feature mapping matrices to form the input weights of
ELM, where we can not only get the feature mapping related to all the samples,
but also use class information to constrain the feature mapping. In this way,
we get a more discriminative input weights of ELM and we call this model
Class-Constrained ELM (C?ELM). Experimental results show that C2ZELM can
achieve a better performance than ELM and other methods which are based on
ELM. Besides, the results show that our method can have a better generalization
ability with less number of hidden nodes.

The remaining of this paper is organized as follows: section 2 briefly de-
scribes the ELM and ELM-AE; the proposed C?ELM is described in section 3;
experiments are presented in section 4; in section 5, we conclude our work.

2 Preliminaries

2.1 Extreme Learning Machine

Extreme Learning Machine (ELM) replaces universal but slow learning methods
with randomly chosen input weights and hidden biases and analytically deter-
mines output weights.

Generally, for N arbitrary distinct samples {(x;,t;)[x; € R¥,t; € R™i =
1,..., N}, the number of hidden nodes L and activation function {G(w,b,x)|x €
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R", b€ R,x € R",i = 1,...,N}, where w is input weights and b is the biases
of hidden nodes, firstly, we can get the mapping from input data to the random
feature space:

h(x;) G(wi,b1,x1) -+ G(wg,br,x1)
H=| : |= : : (1)

h(XN) G(Wl,bl,XN) ~~~G(WL,bL,XN) NxL

Then the output of ELM is given by Equation 2:

£(x) = Y hi(x)8; = hix)8 @

where 8 = [B1, ..., BL] is the output weights and h(x) = [hq(x), ..., hp(x)] is the
feature space for an input sample x, where {h;(x) = G(w;, b;,x),i = 1,..., L}.
So for N input samples, we can get H = [h(x1), ..., h(xx)]". The output weights
B can be calculated by Equation 3:

B=H'T (3)

where H' is the Moore-Penrose generalized inverse [16] of matrix H and T =

[t?, - t%]T is the label vector or ground truth.
In general, we could solve the learning problem according to Equation 4:

min |B]| + C|[HB - T|| (4)

where C' is the regularization factor and it means that we not only calculate
the smallest norm of B8 but also minimize training error at the same time. In
this way we can get a more robust solution. Then the output weights 3 can be
calculated as

-1
B=H" (é + HHT> T (5)
or
I -1
B = (C + HTH) H'T (6)

where I is the identity matrix.

2.2 Extreme Learning Machine Based AutoEncoder

Similar with AutoEncoder [17], if we let the output space of ELM reconstruct
the input space in a unsupervised way, i.e. we set t = x, ELM can learn the
feature mapping matrix of input data by reconstruction. In this way, the output
weights 37 can be considered as the feature mapping matrix from the input
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space to the hidden space and this method is called Extreme Learning Machine
AutoEncoder (ELM-AE) [11].

The output weights Spry—ag of ELM-AE is the feature mapping matrix of
input space and can be calculated by Equation 7:

Brryv-ap =H'X (7)

Also, we can get a more robust solution by Equation 8 and 9:

I -1
BeLv—ap =H" (5 - HHT) X (8)
or
I -1
BeLyv-ap = (5 + HTH> H'X (9)

3 Class-Constrained Extreme Learning Machine

The output weights Bgra—ag learn the variance information [11] by recon-
structing the input data. In fact, feature mapping matrix Bgry—ag maps the
input data to a reconstruction space which can represent all the input data.
In our algorithm, we try to add the class information to constrain the feature
mapping matrix.

Fig. 1. The Structure of C*ELM.

In ELM-AE, the output weights Brra— ar learn the variance information
of all sample data. This is a generative learning method. It ignores the class
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information, which is discriminative and may be helpful for classification. So in
our algorithm, we try to use ELM-AE to learn variance information of each class
to constrain the feature mapping matrix.

For input data of each class X¢ = {(x)[x§ € RF c=1,..,C0j=1,..n,
where C' represent the number of class and n¢ is the number of samples in
each class and N = n' + ... + n%, we use samples of cach class to train an
ELM-AE to get the output weights 8%, ,,_ 4 using Equation 7. In each ELM-
AE, the number of hidden nodes is I, which is related to class c. Then we
use all the samples to train the Bgry—ag with the number of hidden nodes
1% We get the feature mapping matrix, i.e. input weights of ELM, Wgpa =
(BELv—ae ...,,BgLM_AE,,BELM,AE]T, with the number of the hidden nodes
L=1"+..41° +1% The structure of C2(ELM is shown in Figure 1.

In our proposed algorithm, in fact, we add the class information to constrain
the ELM feature mapping matrix and we call it Class Constrained Extreme
Learning Machine (C2ELM). From the above discussion, the training algorithm
for C2ELM can be concluded in the Algorithm 1.

Algorithm 1 Class-Constrained Extreme Learning Machine (C2?ELM)

Input: The training samples {(x;,t:)|x; € R*,t; € R™,i = 1,..., N}, the number of
hidden nodes L of ELM, the number of hidden nodes ¢, %" of ELM-AE;
Output: The input weights W g, hidden layer biases bgram and output weights
,BELM of ELM;
1: Obtain samples of each class X = {(x})[xj € RFec=1,..,Cj=1,..,n from
all samples X;
2: Calculate ELM-AE output weights 8% 1/— a4z with the number of hidden nodes [¢
for each class input data X¢;
3: Calculate ELM-AE output weights Beram—ag for all the input data X with the
number of hidden nodes (%! which satisfies L = ! + ... + 1 + 1%,
4: Combine all the ELM-AE output weights to form the input weights of ELM:
Werm = [BhLyv—ap -~~7BgL]M—AEn@ELJW*AE}T;
5: Generate bias vectors bgry randomly;
Calculate the hidden layer output matrix H by Equation 1;
7: Calculate the output weight Bgra by Equation 3;

>

4 Performance Evaluation

In this section, we evaluate our C?ELM and compare it with some other methods
which are used to initialize ELM. These methods are evaluated on large scale
datasets. We compare C?ELM with the baseline Extreme Learning Machine
(ELM), Extreme Learning Machine Auto Encoder (ELM-AE) [11], Constrained
Extreme Learning Machine (CELM) [14], Computed Input Weights Extreme
Learning Machine (CIW-ELM) [15] and Receptive Field Extreme Learning Ma-
chine (RF-ELM) [15]. Note that, we use randomly input weights and biases
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instead of orthogonalization of the input weights and bias to initialize the ELM-
AE [11].

The experiments were carried out in a desktop computer with a core i7-
470@3.4 GHz processor and 32GB RAM runing in MATLAB R2014a.

We have evaluated our C?ELM on two large size of databases, which are
MNIST [19] and CIFAR-10 [20]. The MNIST is a commonly used dataset to test
the performance of ELM, which contains 60,000 training samples and 10,000
testing samples and each sample is real-value image with the size of 28 x 28
pixels. The CIFAR-10 is also used in classification task which is with the size of
32 x 32 x 3 and contrains 50,000 training samples and 10,000 testing samples.
In our experiments, the values of the original samples of these two datasets are
normalized in a range between 0 and 1.

In this part, we compare C?ELM with baseline ELM, ELM-AE, CELM on
all the two datasets, while CIW-ELM and RF-ELM datasets are just used on
MNIST, where these two algorithms do not give the configurations on CIFAR-
10 [15]. Ten rounds are conducted at intervals of 100 nodes of hidden layer. In
experiments, we set L = C x [¢ 4+ %" where L is the number of hidden nodes in
ELM and I¢, i are the numbers of hidden nodes in ELM-AE as described in
Section 3 and ¢ ~ [?X,

4.1 Experiments results on MNIST

In this experiment, these methods are implemented without regularized terms.
The performance on MNIST is illustrated in Figure 2. We can see that the
performance of C2ELM is the best one, where the curve of the testing accuracy
is above other algorithms based on ELM, when the number of hidden nodes are
more than 100 nodes.

When the number of hidden nodes is less than 2,000 nodes, the advantage of
C2ELM is very obvious. When more than 2,000 nodes, the performance tends
to be stable, but C2ELM is still better than others. Table 1 shows the testing
accuracy at intervals of 500 nodes of hidden layer. From Table 1, we also can see
that the performance of C?ELM is better than the other algorithms.

Table 1. Test Accuracy on MNIST

The number of hidden nodes

Algorithm 500 1000 1500 2000 2500 3000
Baseline ELM  |0.9125 0.9365 0.9477 0.9531 0.9571 0.9622
ELM-AE 0.9265 0.9495 0.9596 0.9638 0.9676 0.9697
CELM 0.9412 0.9572 0.9640 0.9685 0.9707 0.9725
CIW-ELM 0.9378 0.9585 0.9661 0.9694 0.9729 0.9750
RF-ELM 0.9208 0.9498 0.9617 0.9668 0.9709 0.9737
C’ELM 0.9541 |0.9660 |0.9704 |0.9724 |0.9737 |0.9753
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Fig. 2. Experiments results on MNIST dataset.

Besides, we also calculate the time consumption and compare C2ELM with
baseline ELM, ELM-AE and CELM, where the Matlab codes have the similar
code structure, which is shown in Table 2. We can see that, even though C2ELM
is not as faster as baseline ELM, the time consumption is close to each other.

Table 2. Time Consumption on MNIST (s)

The number of hidden nodes
Algorithm  [500 1000 1500 2000 2500 3000
Baseline ELM  |4.48 10.22 17.34 27.44 40.61 56.51
ELM-AE 8.90 21.07 36.37 58.18 86.59 121.61
CELM 4.54 10.58 18.33 28.97 43.09 60.53
C’ELM 5.68 12.47 20.42 32.01 47.01 64.85

4.2 Experiments results on CIFAR-10

Figure 3 shows the performance on CIFAR-10. We can see that C?ELM also
achieves the best performance in comparison with the other ELM based algo-
rithms. When the number of hidden nodes are less than 1,500 nodes, the ad-
vantage of C2ELM is also very obvious. The curve of the testing accuracy of
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Fig. 3. Experiments results on CIFAR dataset.

C2ELM is always above other algorithms, which shows that when we use the
class information to constrain the ELM feature mapping matrix is efficient. Ta-
ble 3 shows the testing accuracy at intervals of 500 nodes of hidden layer and
time consumption is shown in Table 4.

Table 3. Test Accuracy on CIFAR-10

The number of hidden nodes
Algorithm 500 1000 1500 2000 2500 3000
Baseline ELM  |0.3962 0.3957 0.3935 0.4008 0.4099 0.4279
ELM-AE 0.4142 0.4247 0.4302 0.4415 0.4510 0.4586
CELM 0.4422 0.4629 0.4744 0.4839  |0.4882 0.4928
C?’ELM 0.4555 |0.4707 |0.4777 |0.4837 0.4901 |0.4951

5 Conclusion

In this paper, we initialize the input weights of ELM using ELM-AE, where we
not only reconstruct input data of all samples but also reconstruct each class.
In this way, we add the class information, which is helpful for classification, to
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Table 4. Time Consumption on CIFAR-10 (s)

The number of hidden nodes
Algorithm  [500 1000 1500 2000 2500 3000
Baseline ELM  |5.86 12.18 19.60 29.34 41.88 57.51
ELM-AE 12.60 26.07 41.39 60.67 85.98 117.76
CELM 5.98 12.50 18.21 27.24 36.92 51.00
C’ELM 9.13 15.78 23.7 35.18 49.55 63.39

the feature mapping matrix. The results have shown that C2ELM can achieve a
better performance in comparison with ELM based algorithms on the large scale
datasets, such as MNIST and CIFAR-10.
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