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Abstract: Distributed data collection and analysis over a network are ubiquitous, especially
over a wireless sensor network (WSN). To our knowledge, the data model used in most of the
distributed algorithms is linear. However, in real applications, the linearity of systems is not
always guaranteed. In nonlinear cases, the single hidden layer feedforward neural network
(SLFN) with radial basis function (RBF) hidden neurons has the ability to approximate any
continuous functions and, thus, may be used as the nonlinear learning system. However,
confined by the communication cost, using the distributed version of the conventional
algorithms to train the neural network directly is usually prohibited. Fortunately, based on
the theorems provided in the extreme learning machine (ELM) literature, we only need to
compute the output weights of the SLFN. Computing the output weights itself is a linear
learning problem, although the input-output mapping of the overall SLFN is still nonlinear.
Using the distributed algorithm to cooperatively compute the output weights of the SLEN, we
obtain a distributed extreme learning machine (dELM) for nonlinear learning in this paper.
This dELM is applied to the regression problem and classification problem to demonstrate
its effectiveness and advantages.

Keywords: distributed learning; extreme learning machine; nonlinear learning; diffusion;
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1. Introduction

Due to the rapid development and broad application of networks of small, low-power devices
that can sense, process and communicate information about their environment, e.g., wireless sensor
networks (WSN), distributed data processing has become a hot topic in recent years. We start by
considering a specific learning task regression, which is an efficient framework for data modeling.
Distributed regression is to collaboratively learn the mapping between the input and the output based
on noisy measurements collected at nodes distributed over a geographic region [1-5]. In the distributed
implementations, the communication only occurs among one-hop neighboring nodes, which will help
save energy and bandwidth [6,7]. Different types of distributed algorithms, including the diffusion
type [1] and the consensus type [4], were developed for the distributed regression problem.

In previous studies, most of the existing distributed algorithms were developed for linear regression
problem. These distributed algorithms succeeded in a number of cases where the measurements can
be well modeled using a linear data model with additive noise [1]. However, in some real-world
environments, the input-output relationship might be a nonlinear function f. In these cases, it is
obviously unsuitable to collaboratively solve the nonlinear regression problems using the existing
distributed linear algorithms directly.

Based on the solid mathematical foundation and considerable experimental successes, the kernel
method was frequently adopted in centralized nonlinear learning [8,9]. Notice that in the standard
kernel method, a learned function depends on all of the data f(u*) = Zfil w;k(u;, u*). However,
communication is usually the biggest energy-consuming factor in WSN, which precludes an individual
node from accessing the entire dataset and, thus, prevents one from using the kernel-based learning
algorithms for distributed nonlinear regression directly.

Based on the successive orthogonal projection (SOP) algorithm [10], in [11,12], a distributed kernel
least squares regression algorithm was recently proposed. This algorithm is proven to be effective for the
nonlinear regression problem, but it has several flaws [13]. First, this algorithm is not an online learning
algorithm, which hinders the ability to perform real-time estimation and adaptation in the case of the
continuous streaming of measurements. Confined by the procedure of the SOP algorithms, we cannot
simultaneously train several nodes if they share exemplars in their locally accessible training datasets.
Besides, as to the robustness, if one individual node in the network stops working, then the whole
learning algorithm cannot go on, which will lead to a catastrophic failure of the learning task. However,
one of the purposes of developing distributed algorithms is to keep the holistic network working in spite
of the individual node and/or link failure. In addition, each node has to broadcast their measurements to
their neighboring nodes, which increases the communication burden. A modification of this distributed
kernel algorithm was presented in [13]. This modified algorithm has a lower communication burden and
allows asynchronous computation. However, it is still off-line, and each node also has to broadcast their
measurements to their neighboring nodes.

Another broadly-used nonlinear modeling tool is the neural network. The multilayer perceptron
(MLP) is the first attempt, but there are multilayer weight parameters to be estimated and communicated.
The radial basis function (RBF) neural networks with Gaussian functions have been broadly used in
the nonlinear regression problem [14]. Notice that we need to determine the centers and widths of
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the Gaussian basis functions based on the entire training set when we train the RBF neural networks.
However, in distributed learning, the constraints on energy and communication preclude individual nodes
from accessing the entire training set, which leads to the difficulty in adopting the distributed version of
the usual learning algorithm to train the neural network directly.

In recent years, the extreme learning machine (ELM) was proposed [15-17]. In the ELM theory, it was
proven mathematically that the hidden neurons of the single hidden layer feedforward neural network
(SLFN) do not need to be tuned. With the randomly-generated parameters of the hidden layer and
properly chosen output weights, the SLEN can approximate any continuous target function [18]. Thus,
in the SLFN with RBF hidden neurons, we can just randomly select the centers and the widths and, then,
only calculate the output weights [18]. From this point of view, training the output weights of the SLFN
based on the ELM algorithm can be simply viewed as a linear learning problem. However, SLFN’s
ability to construct nonlinear mapping between the input and the output is unchanged. Thus, we use the
distributed algorithm to cooperatively train the output weights of the SLFN, which results in distributed
ELM for the distributed nonlinear regression problem. In the above discussions, this distributed ELM
is motivated for the nonlinear regression problem, which learns the relationship between the input and
the output. There are many other problems that can also be formulated as constructing the input-output
relationship, for example the classification problem. The centralized ELM algorithm was applied to
the classification problem [18]. In this paper, we also apply the distributed ELM to the classification
problem. The application scope of the distributed ELM is beyond regression and classification; we thus
use nonlinear learning to denote the general applicability. In this paper, we only consider the SLFN with
RBF hidden neurons. The training and performance of the SLFN with the sigmoidal activation function
are quite similar to those of the RBF one.

One of the key advantages of the distributed ELM, among others, is its simplicity, which is especially
important, considering the limited computational resources in WSNs.

This paper is organized as follows. In Section 2, some preliminaries about the nonlinear data model,
the SLFN and the ELM algorithm are presented. Then, several types of distributed ELM algorithms
are formulated in Section 3. In Section 4, a number of application examples for both regression
and classification problems are presented to demonstrate the effectiveness and advantages of the new
algorithms. Finally, conclusions are drawn in Section 5.

2. Preliminaries

2.1. Distributed Nonlinear Model

We consider a sensor network consisting of /V nodes, which are distributed over a geographic region.
At each time instant 7, each node k has access to the measurement {dj(7), uy;} of the zero-mean random
process {dj (i), ux; }, where d (i) and uy ; are the 1 x m vector and the 1 x n vector, respectively.

Although the linear data model used in most of the existing distributed learning literature has the
ability to capture many cases of interests, there are still many situations beyond the range of the linear

data model. In the nonlinear case, we assume that the data model is described by:

di(i) = f(ur,;) + vi(2), (1)
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where v (7) is the background noise with variance 012)7 i and 012)7 . can be different for different nodes.
The regressor uy, ; is assumed to be spatially independent for each node k£ and independent identically
distributed (i.i.d.) in time. The same assumption in time and space is made for the measurement noise
v(7). In addition, uy,; is assumed to be independent of vy (7).

Given the data model (1), our object is to learn the unknown nonlinear function of interest f from the
noisy measurements {dy (), ux; } at each node in the network. In distributed learning, each node & in the

network only communicates with its one-hop neighboring nodes, denoted by /NV;. (including k).

2.2. SLFN and ELM Algorithm

For nonlinear learning, the ELM algorithm developed for the SLFN received a lot of attention due
to its simplicity and superior performance. In the ELM theory, it is demonstrated that for ELM based
on various types of hidden neurons, all can approximate any continuous target function with zero error,
when the number of hidden nodes tends to infinity [19]. For the classification ability of the ELM,
if the output of the SLEN based on the ELM is dense in C'(R?), this SLEN can classify arbitrary disjoint
regions of any shapes in R? [19]. Here, C'(R?) denotes the class label. For different types of hidden
neurons, the performance of the SLEN is quite similar for each. Moreover, the SLFN with the RBF
hidden neurons was successfully used in many contexts [18]. In this paper, we just consider the RBF
hidden neurons as representative. In the following discussion, we first describe the SLFN with the RBF

hidden neuron used in this paper; then, we review the ELM algorithm briefly.

Input layer Hidden layer Output layer

Figure 1. Single hidden layer feedforward network.

An SLFN with n neurons in the input layer, M RBF neurons in the hidden layer and m neurons in
the output layer, as shown in Figure 1, is considered in most of the ELM algorithms. Given N pairs
of samples (d;, u;), 7 = 1,..., N, for arbitrary i-th input vector w;, the input-output relationship of the
SLFN with M hidden neurons is given by:

M M
yi=hW =3 wihy =2 wig(dlui — b)), @
j=1 j=1
where u; = [u;1, . . ., u;,) is the i-th input vector; g is the Gaussian activation function; b; = [b;1, . .., bj,]

and ¢; are the center and the impact width of the j-th Gaussian activation function, respectively;
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hi = [hi,...,hiy| is the output vector of the hidden layer with respect to input z;; and
W = [wy, ..., wy]" is the M x m weight matrix connecting the hidden layer to the output layer.
Based on the theorems in [16], we just need to randomly select M kernel centers b = [by, ..., by]”
and M impact widths § = [0y, ...,dy]| drawn from any continuous probability distribution and fix
them. Given N arbitrary samples {(d;,u;)}¥ ;, under the assumption that the SLFN can approximate
the input-output relationship of these N measurements with zero error, then we can obtain N equations.
For the propose of the simplicity of expression, we present a compact form of these equations, which is

defined as:

HW = D, 3)
where:
g(b17517u1> g(bM75M7u1>
H = [hy,...,hy]" = : : : 4)
9(b1,51,UN) g(bM,CSM,UN) NxM
dy
D= : 5)
dN Nxm

Notice that the hidden layer output matrix H actually remains unchanged in batch mode.

There are a number of approaches to compute the value of W [17], such as the orthogonal projection
method, the iterative method and singular value decomposition (SVD) [20]. If the matrix HTH is
nonsingular, a smallest norm least-squares solution can be obtained for the above linear equation (3).

In this case, the solution is given by:
W =H'D=(H"H)"'H"D, (6)

where H' is the Moore—Penrose generalized inverse [20] of matrix H. If H? H is singular, the SVD is
usually adopted to compute H in the batch ELM algorithm.

In real-world applications, the measurement may keep streaming in. In this case, by extending the
ELM algorithm to online learning, the online sequential ELM (OS-ELM) algorithm [17] was presented.
Two phases, including an initialization phase and a sequential learning phase, are necessary for this
OS-ELM algorithm. The OS-ELM algorithm was investigated in detail in [17]. We omit the description
of this algorithm here.

3. Distributed ELM for Nonlinear Learning

The diffusion type of distributed algorithm is not only able to respond in real time based on operating
over a single time scale, but also robust to node and/or link failure [21]. Owing to these merits, this type
of distributed algorithm was widely investigated for distributed learning, such as diffusion least-mean
squares (LMS) [1,22,23], diffusion information theoretic learning [5], diffusion sparse LMS [24],
diffusion recursive least-squares (RLS) [25,26] and diffusion sparse RLS [27]. In this paper, we use
the diffusion LMS algorithm and the diffusion RLS algorithm to adaptively adjust the output weights
of the SLFN with RBF hidden neurons, which leads to the distributed ELM based on the diffusion
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least-mean squares (dELM-LMS) algorithm and the distributed ELM based on the recursive least-squares
(dELM-RLS) algorithm, respectively.

In these distributed ELM algorithms, the SLFEN shown in Figure 1 is used to learn the unknown
nonlinear function at each node £ in the sensor network. We assume that the training data arrives
one-by-one. Thus, at each time ¢, given the input uy; for each node £, the corresponding output of
this node is:

M M
Y = hieaW =Y wihigs = Y wig(8l|uns — b)), (7)
j=1 j=1
where hy; = [hg, - - ., hein) 18 the output vector of the hidden layer with respect to the input uy ; of

node k. For different RBF hidden neurons of the SLFN in one node, we use different centers and impact
widths. For the SLFNs used at different nodes in the network, we use the same sets of centers and
impact widths. In the following discussions, we first give the derivation of dELM-LMS algorithm. After
that, we present the derivation of dELM-RLS algorithm. Notice that there are some differences between
the derivation of the distributed ELM algorithms in this paper and that of the diffusion LMS and RLS

algorithms in the literature [1,22,23,25,26], so we present the derivation in detail.

3.1. Distributed ELM-LMS

In the dELM-LMS algorithm, for each node k in the sensor network, the local cost function is defined

as a linear combination of local mean square error (MSE), that is:

J]iOC(W) = Z ClkE|61’i|2

lEN},

= Z ClkE‘dl(Z> - yl7i|2 (8)

LEN},
= Z cwE|dy(i) — hy W,

IENy,
where W is the output weight matrix of the SLEN, A;; is the output vector of the hidden layer with
respect to the input u;; of the node | € Nj and {c;;} are the non-negative cooperative coefficients
satisfying c;; = 0if [ ¢ Nj, 17C = 17 and C1 = 1. Here, C is an N x N matrix with individual entries
{cix}, and 1is an N x 1 vector whose entries are all unity. The cooperative coefficient ¢;; decides the
amount of the information provided by the node [ € N to node k and stands for a certain cooperation
rule. In distributed algorithms, we can use different cooperation rules, including the Metropolis rule [28],
the adaptive combination rule [29,30], the Laplacian matrix [31] and the relative degree rule [1]. In this

paper, we use the Metropolis rule as the cooperation rule, which is expressed as:

e LENL £k
Cr = 1_chk7 l e Nk\{/{?},l:/{?, 9)
0, 1¢N,

where n, and n; are the degrees (numbers of links) of nodes & and [, respectively.
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Given the local cost function for each node £ in the network, the steepest descent method is adopted

here. The derivative of (8) is:

oF\e i 2
Vi Jire(W) = > Cm% = > cn(RpW — Ryan), (10)

lEN}, lEN}
Based on the steepest gradient descent method, at each time ¢, for each node k, we update the output
weight matrix of the SLFN using:

Wii=Wki1—p Z ar(RinW — Rian) |lw iy (11)
LEN},
where R;;, and R 4, are the auto-covariance matrix of h and the cross-covariance matrix of 4 and d at
node [, respectively, IV}, ; is the estimate of the output weight matrix of node % at time ¢ and f is the
step size. As we adopt the LMS type algorithm, namely an adaptive implementation, we can just replace
these second-order moments by instantaneous approximations, that is:

Ry~ h,iljihl,ia Ryan = hid(i). (12)
By substituting (12) into (11), we obtain:

Wi =Wyi-1+ p Z cuhi i (di(i) — hyiWiio1), (13)
lEN

In order to compute W, ; defined in (13), we need to transmit the original data {d;(7), h;;} of all nodes
[,l € N tonode k at each time 7. We should notice that it brings a considerable communication burden
to transmit the original data of all neighbor nodes of each node £ at each time 7. To tackle this issue, as in
the diffusion learning literature [1,5], in this paper, we introduce an intermediate estimate. At time 7, we
denote the intermediate estimate at each node k by ¢y, ;. We then broadcast the intermediate estimate ¢y, ;
to the neighbors of node k. At time ¢, for each node k, the local estimate expressed by the intermediate
estimates of its neighbors can be written as:

Wii =Y cupra (14)
LEN},

We now give some remarks on the rationality for doing so. First, the intermediate estimate contains
the information of measurements. In addition, transmitting the measurements of neighboring nodes does
not provide a significantly better performance. Thus, we do not need to transmit the measurements.
Besides, we can update the intermediate estimate for each node £ at each time instant, but do not
transmit the intermediate estimate at each time instant, which will further significantly reduce the
communication burden. Although we transmit the intermediate estimate at each time instant in this
paper, the performance of the dELM-LMS algorithm transmitting the intermediate estimate periodically
(with a short period) is quite similar.

Replacing the first W}, ;_; on the right-hand side of (13) by equation (14), we obtain:

Wi = Z ClkPri—1 + H Z Clkhfi(dz(i) — hyiWi.iz1)

lEN} lEN}

= Z cwlrioy 4 phi(di(i) = hyWii1)].

lEN}

(15)
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Substituting Equation (14) into Equation (15), we can derive an iterative formula for the intermediate

estimate, that is:
Qi = rio1 + phl(di(i) = hyiWiio1). (16)

As Wy ;4 is not available at node [,/ € N; \ {k}, we cannot compute the value of the intermediate
estimate of node [ by the above equation. Similar to [5], we replace W}, ;_; in the above equation by
Wi i—1, which is available at node [. Thus, we obtain:

ori = Wi+ Mh,ﬂ-(dl(i) — hy i Wiii1). (17)

The simulation results demonstrate the effectiveness of this replacement. In addition, detailed statements
about the rationality of this replacement are presented in [S]. In this paper, we omit it for simplicity.

We replace the intermediate estimate ¢;;_; in the above equation by I;,;_;, which is based on
the following several facts. From (14), we know that W ,;_; is the linear combination of ¢;;_1; thus,
W ;-1 contains more information than ¢;;_; [1,32], and it has already been demonstrated that such a
replacement in the diffusion LMS can improve the learning performance. Moreover, the vectors W, ;_;
and (; ;,_; are both available at the node /. Based on this replacement and performing the “adaptation”
step first, we acquire the two-step iterative update formula of the adapt-then-combine (ATC) type.

ATC dELM-LMS:
Ori = Wit + phi (di(i) = hiiWii),

Wii = >, Cpri-

LEN},

(18)

Alternatively, in each iteration, we can perform the ‘“combination” step first, which leads to a
combine-then-adapt (CTA)-type update formula. In the following, we sketch the derivation of this type
of update formula.

From the discussion in the above, we know that Zle N, Clk = 1. In addition, W}, ;_; is independent
of Y ,c ~, Cik- Thus, we can multiply the first W}, ;1 on the right-hand side of (13) by Y e w, Cik- Then,
substituting (14) into the left-hand side of (13), we can get:

Z ki = Z cuWiio1 + 1 Z Clkhﬁ(dl(i) — hyiWiio1)

lEN,, IEN, IEN}, (19)
= Z [ Wiio1 + phil (di (i) — hyiWiio1)].-
LEN},
Based on the above equation, it is immediate to obtain another iterative formula for ¢; ;, which is:
01i = Wgio1+ Nhlj:i(dl(i) — hy i Wiiz1). (20)
Similarly, we replace W}, ;_; in (20) by W, ;_;, leading to:
wri = Wiz + /ihzj:i(dl(i) — h i Wiiiq). (21)

The two-step iterative formula is:

Wiici = > CPri-1s
&R (22)

i = Whicr + ph (die(i) — hieiWiio1).
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From the above derivation, we know that W}, ; and ¢, ; are the intermediate estimate and the local
estimate for node £ at time ¢, respectively. In order to avoid causing notational confusion, we exchange
the notations of I/ and . Consequently, we obtain the two-step CTA-type iterative formula.

CTA dELM-LMS:

Okic1 = Y Wiz,
I (23)

Wii = Prio1 + phi;(dr(i) — Ry ipri-1)-
For the purpose of clarity, the procedure of the ATC dELM-LMS algorithm and the CTA dELM-LMS
algorithm are summarized in Algorithm 1 and Algorithm 2, respectively.

Algorithm 1: ATC dELM-LMS algorithm.
Initialization: preset the centers and impact widths for each hidden neurons, initialize W, o = 0 for

each node k, step size j, given cooperative coefficients {c; }
for i=1: T
for k=1: N
O = Wi + uhii(dk(i) — hie,iWhiz1)
end for
for k=1: N
Wii= > cpri

leN}
end for

end for

Algorithm 2: CTA dELM-LMS algorithm.
Initialization: preset the centers and impact widths for each hidden neurons, initialize W, o = 0 for

each node k, step size j, given cooperative coefficients {c;; }
for i=1: T
for k=1: N

Oric1 =y, axWiica
lEN

end for
for k=1: N
Wi = @ric1 + phi (di(i) = hyipri1)
end for
end for

Remark 1. In the dELM-LMS algorithm, the local cost function of node k can also be defined as a
linear combination of the modified local MSE [1],

W) =" ewBElel” + > bullW — @

LEN}, lENk/{k‘}

= S Bl —w@F+ Y bW -l

(24)

lENk leNk/{k}

. . 2 2

= Z Clk:E|dl<Z) — hlﬂ'W‘ -+ Z blkHW - SOl” 9
lENg leNk/{k}

where {b;;,} are non-negative coefficients satisfying the conditions b, = 0if I ¢ Ny and ), N b =1,
and ¢, is the intermediate estimate available at node [. After similar derivation as that performed in
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the dELM-LMS algorithms, we can obtain the more general two-step update equation. Performing the

“adaptation” step first leads to another ATC-type iterative update formula.

i = Wi+ 10y cwh(di(i) — hyiWhioa),

LEN},
(25)
Wi = > awpr

LEN}

Here, {a;,} are non-negative coefficients satisfying the conditions a;, = 0if [ ¢ Ny and ), N, Qe = 1.
In a similar way, performing the “combination” step first leads to another CTA-type iterative update

formula.
Oric1 = . apWiio1,
Wii = @rio1+ 1y, cwhiy(di(i) — hyiorio1).
LEN},

Notice that, using the above algorithms, in the case of C' # I, each node needs to broadcast the
measurements to its neighboring nodes. As motioned in the above section, transmitting the data is a
considerable communication burden. However, when the communication resources are sufficient, we can
select transmitting the measurements. Through simulations, we find that transmitting the measurements
does not provide significant additional advantages. Thus, in this paper, we omit the simulation results of
these algorithms for simplicity.

3.2. Distributed ELM-RLS

In this dELM-RLS algorithm, at time ¢, for each node %, given the measurements collected from Time
1 up to Time 7, the local cost function is defined as:

TEW) = ey N e + W,
leN, =1
Z, (27)
= Z ik Z N () =y + W IR,
lEN} t=1

where A is the forgetting factor and II; is the regularization matrix. In the RLS algorithm, at each time ¢,
we use the forgetting factor A to control the amount of the contribution of the previous samples, namely
the samples from Time 1 up to Time 7 — 1. In addition, in this paper, we use the exponential regularization
matrix A’y 17, where 7 is a large positive number. We also use the Metropolis rule as the cooperation
rule in this dELM-RLS scheme. The regularization item is independent of ¢y, and len,, Clk = 1. Thus,
we can rewrite Equation (27) as:

i \i
T W) =" e N di(t) = bW+ ;HWHQ)- (28)
t=1

LEN},
Based on the above cost function, for each node k, we can obtain the recursive update formula
for the weight matrix by minimizing this local, weighted, regularized cost function, which can be
mathematically expressed as:

Wy = arg mwlln{z (DN dy(t) — h WP+ 7HWH?)}. (29)
1

lENE t=
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Similar to the dELM-LMS algorithm, we also define and transmit the intermediate estimate of W}, ; here.
Then, replacing the W;, ; in Equation (29) by Equation (14), we can obtain the following minimization

Z t=1 ’y

Equation (30) can be referred to as a least-squares problem. Based on the RLS algorithm, we can
obtain the recursive update formula of the intermediate estimate for each node. Since the derivation of
the recursive update formula of the intermediate estimate is the same as that presented in the centralized
RLS algorithm, we omit the derivation for simplicity in this paper. Finally, we can obtain the two-step
recursive update formula for the weight matrix. By performing the “adaptation” step first, we acquire
the ATC dELM-RLS algorithm.

ATC dELM-RLS:
Pl = arg mwi/n{zizl )\i_t|dl(t) - hl7tW|2 + %

Wi = > i

leN},

Wi}
(31)

Similarly, we can also obtain the mathematical formula of the CTA dELM-RLS algorithm by just
exchanging the order of the “adaptation” step and the “‘combination” step in each iteration.

CTA dELM-RLS:

Pri-1 = Z ClkVVl,ifla
lEN}, A A ) (32)
Wi =argmin{35_, A™|d,(t) - hiepl® + 2 llel*-

In order to clearly present the whole process of the ATC dELM-RLS algorithm and CTA
dELM-RLS algorithm, we summarize them in Algorithm 3 and Algorithm 4, respectively.

Algorithm 3: ATC dELM-RLS algorithm.
Initialization: preset the centers and impact widths for hidden neurons, initialize v > 0, Wy o =0

and Py o = 7/ for each node £, forgetting factor \, given cooperative coefficients
{cu}
for :=1:T
for k=1: N

Qi = dip(1) — hi Wi

ki = Pk,z—1h£,i()\ + hk,z’PkA,i—lhz’i)_l

Ori = Whio1 + GriQh

Py = Ail(Pk,ifl — Gi,iliiPri-1)

end for
for k=1: N
Wlm = Z ClkPli
lENg
end for

end for
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Algorithm 4: CTA dELM-RLS algorithm.
Initialization: preset the centers and impact widths for hidden neurons, initialize v > 0, Wy o =0

and Py o = 7 for each node k, forgetting factor \, given cooperative coefficients

{eu}
for i=1: T
for k=1: N
Pki-1 = Z Wiz
lENk
end for
for k=1: N

i = di(i) — P iPrioa
Gk = Pk,z—1h£,i()\ + hk,sz,i—lhai)_l
Wi = @1+ Gk,iCi
Pri = X (Pri1 — GriliniPri-1)
end for
end for

Based on the idea presented in [26], we can also derive another ATC dELM-RLS algorithm and
another CTA dELM-RLS algorithm, which exchange both the original data and the intermediate estimate
among the neighbor nodes. Similar to the dELM-LMS case, in the simulation, we find that exchanging
the original data does not provide a considerably better performance. Thus, for the purpose of simplicity,
we omit the derivation and the simulation results of these dELM-RLS algorithms here.

4. Applications

In this section, we evaluate the performance of distributed ELM algorithms on several benchmark
problems [33], which include two regression examples and two classification problems. Specifically,
these two regression examples are the fitting of the “Sinc” function and the prediction of the abalone
age, and the two classification problems consist of the classification of two “double-moons” and the iris
plant. We first present some initial settings for all of these examples. In our examples, the input values of
all examples are normalized into [—1,1], while the output values of regression examples are normalized
into [0,1].

In the following simulations, to test the performance of the distributed ELM, we compare it with
the corresponding non-cooperative scheme in which the intermediate estimates are not shared, namely
C = I. In this paper, for each problem, we also present the corresponding centralized solution, which
can access all of the training samples. Here, all of the performance measures are averaged over 100 trials.
In addition, for the two synthetic data problems, we add Gaussian noise with different signal-to-noise
ratios (SNR) to the training sets. Moreover, For all real examples, except for the Landsat satellite
image example, in each trial, we randomly select the training samples and the testing samples from
the measurements. For the Landsat satellite image example, according to a note provided in [33], we fix
the training and testing sets, but change the order of the training set in each trial. For the training data in
all of the examples, in each trial, we randomly choose different subsets with the same size for different
nodes in the network.
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In this paper, to evaluate the performance of the distributed ELM algorithm for the regression problem,
we use the standard performance measure, namely, excess mean-square error (EMSE) [1]. As to the
classification problem, we use the network misclassification rate (NMCR), which is defined as:

s 1y

NMCR & ; MCRy,, (33)
where N is the number of network nodes and M C Rj, is the misclassification rate of the £-th node in the
network. In the first example, we adopt the measure of the transient network EMSE for performance
comparison. For the purpose of simplicity, in the other examples, we just present the steady-state
NMCR and the steady-state network EMSE for the classification problem and the regression problem,
respectively, in the tables. The step size is the same for all nodes. We present the results of the ATC
dELM-LMS algorithm and the ATC dELM-RLS algorithm for each example in this paper. As the the
results of the CTA-type algorithms are similar to those of the ATC-type algorithms, thus, we omit the
results of CTA-type algorithms here. For each problem, we present the comparison of testing results
based on all of the algorithms.

We consider a network composed of 10 nodes, which are arranged on a circle. We let each node
connect to its nearest one neighbor node on each side and then add some long-range connections with
a probability of 0.1. In the RLS-based algorithms, the forgetting factor A\ and the large positive number
v are set as 0.995 and 100, respectively. We should notice that the total number of samples for each
real example is distinct. However, the number of nodes in the network is the same. Therefore, for
different examples, we assign different numbers of samples to each node. Moreover, in this paper, with
the given number of samples, the algorithms used in each example all converge to the steady state. Thus,
it is rational.

4.1. Regression Problems
4.1.1. Synthetic Data Case: Fitting of the “Sinc”” Function

We first evaluate the performance of the distributed ELM algorithms on the fitting of the “Sinc”
function problem. The “Sinc” function can be expressed as:

sin(m)’ ZL’%O,

y(x)=< (34)
1, x = 0.

At each trial of this simulation, we uniformly and randomly select 6000 training input data and 2000
testing input data from the interval [—10,10]. Then, we acquire the training output set and the testing
output set using the above “Sinc” function with the additive zero-mean Gaussian noise and without noise,
respectively. In addition, for each node, at each trial, we randomly select 600 different samples from the
training samples. For different nodes, the SNRs are set differently, which vary within [10,20] dB. In
order to clearly illustrate this regression problem, we draw 2000 samples from the 6000 training samples
and display them in Figure 2. The step size is set as 0.1. We provide 30 hidden neurons for each SLFN
in this example.
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Figure 2. Data of the noisy “Sinc” function.

The learning curves of the dELM-LMS algorithm, the non-cooperative ELM-LMS algorithm and
the centralized ELM-LMS algorithm are shown in Figure 3. We see that the dELM-LMS algorithm
converges quickly, and the steady-state EMSE of this algorithm is lower than that of the non-cooperative
ELM-LMS algorithm and is very close to that of the centralized ELM-LMS algorithm.

0 = = = non-coop ELM-LMS | 4
dELM-LMS
----- centralized ELM-LMS| |

~- o
-
N e m r m m m e r o m e -

Transient network EMSEs (dB)

100 200 300 400 500 600

Figure 3. The transient network EMSEs of the ELM-LMS based algorithms for the “Sinc”
function fitting problem.

Then, in Figure 4, we give the comparison of the transient network EMSEs of the dELM-RLS
algorithm, the non-cooperative ELM-RLS algorithm, and the centralized ELM-RLS algorithm. We see
that the steady-state EMSE of the dELM-RLS algorithm is far lower than that of the non-cooperative
ELM-RLS algorithm. Although the centralized ELM-RLS converges quickly, the steady-state EMSE of
the dELM-RLS is just a little higher than that of the centralized ELM-RLS. In addition, the steady-state
network EMSE of the dELM-RLS algorithm is lower than that of the dELM-LMS algorithm, while the
computation complexity of the dELM-LMS algorithm is lower than that of the dELM-RLS algorithm.

We can get the same observation in the other problems. In real applications, on one hand, we can use
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the dELM-LMS algorithm when the the computation resource is limited. On the other hand, we can
adopt the dELM-RLS algorithm if we demand for high-performance. In conclusion, these simulation
results demonstrate the good performance of the distributed ELM algorithms for this “Sinc” function
fitting problem.

= = =non-coop ELM-RLS
) ——— dELM-RLS 4
----- centralized ELM-RLS

Transient network EMSEs (dB)

L L L L L L L L L
50 100 150 200 250 300 350 400 450 500
Time,i

Figure 4. The transient network excess mean-square errors (EMSEs) of the ELM-RLS
based algorithms for the “Sinc” function fitting problem.

4.1.2. Real Data Case: Abalone Age Prediction Problem

In biology studies, in order to obtain diverse information, we often need to collect data from different
sites. In this case, using a sensor network constituted of several nodes to measure the information and
then utilizing local computations based on local communication will make the studies convenient and
real time. To simulate the above scenario, we use the developed distributed algorithms for cooperatively
predicting the abalone age here. For this example [33], there are 4177 measurements, each of which
contains one integer, seven continuous input attributes and one integer output. There are three values
for the first integer input attribute, namely male, female and infant. In this paper, We use 0, 1 and 2
to code male, female and infant, respectively. To predict the age of abalone, the eight input attributes
are provided.

For this problem, at each trail of simulation, the training dataset and the testing dataset are randomly
obtained from the whole abalone database. We present 200 different samples selected from the training
dataset for each node at each trail of simulation. Then, we use the remaining 2177 data for testing. The
step size is set as 0.1 in this example. We provide 25 hidden neurons for each SLFN in this example.

We first give the comparison of the performance of the dELM-LMS algorithm, the non-cooperative
ELM-LMS algorithm and the centralized ELM-LMS algorithm for this abalone age prediction problem.
Then, we also present the comparison of the performance of the three ELM-RLS-based algorithms. The
results are shown in Table 1. We see that the dELM-LMS algorithm and the dELM-RLS algorithm
perform better than the non-cooperative ELM-LMS algorithm and the non-cooperative ELM-RLS
algorithm, respectively. In addition, the performance difference between the dELM-LMS algorithm and
the centralized ELM-LMS algorithm is very small, and the network EMSE of dELM-RLS algorithm
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is also very close to that of the centralized ELM-RLS algorithm. These results demonstrate the

effectiveness of the distributed ELM algorithms for this abalone age prediction algorithm.

Table 1. The network EMSEs of different algorithms for the abalone age prediction

problem.
Algorithms steady-state EMSE
non-coopELM-LMS 0.1232
dELM-LMS 0.1036
centralized ELM-LMS 0.0989
non-coop ELM-RLS 0.1079
dELM-RLS 0.0917
centralized ELM-RLS 0.0811

4.2. Classification Problems
4.2.1. Synthetic Data Case: Classification of “Double-Moon”

The “Double-Moon” problem is presented here to illustrate the effectiveness of the distributed ELM
algorithms for classification. In this problem, as shown in Figure 5, the datasets are shaped as two
moons, which are generated by adding noise to two half-circles. We assign the same number of data
points to the two moons. The two attributes for this dataset are the coordinates in the horizontal axis and
the vertical axis. The aim is to classify the data points into the upper moon and the lower moon using
these two attributes.

0.8

0.6

0.4r

021

Figure 5. Data of the two moons.

In this example, at each trail of simulation, we randomly generate 1000 training samples and 1000
testing samples, both with Gaussian zero-mean white noise. In addition, we present 100 different
samples drawn from the training dataset for each node at each trail of simulation. The different SNRs
varying within [10,20] dB are presented for different nodes. The step size is set as 0.1 here. In
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this example, the number of hidden neurons for each SLFN is 15. After the network arrives at the
steady state, the testing NMCRs of the six algorithms are presented in Table 2. We can see that the
performance of the dELM-LMS algorithm and the dELM-RLS algorithm is better than that of the
non-cooperative ELM-LMS algorithm and the non-cooperative ELM-RLS algorithm, respectively. In
addition, the performance of the dELM-LMS algorithm and the dELM-RLS algorithm approaches that
of the centralized ELM-LMS algorithm and the centralized ELM-RLS algorithm, respectively. Thus, for
this “Double-Moon” classification problem, the dELM-LMS algorithm and the dELM-RLS algorithm
exhibit good performance.

Table 2. The steady-state network misclassification rates (NMCRs) of different algorithms
for the “Double-Moon” classification problem.

Algorithms Steady-state NMCR
non-coop ELM-LMS 8.57%
dELM-LMS 5.46%
centralized ELM-LMS 5.39%
non-coop ELM-RLS 3.35%
dELM-RLS 2.48%
centralized ELM-RLS 2.41%

4.2.2. Real data Case: Iris Plant Classification Problem

Botanists often need to consistently record the data of some plants during a considerable long time,
which is very difficult, especially in remote regions. We can establish a sensor network covering this
region and then use the sensors to record and process the data online. These steps will be useful for the
study of plants. In this paper, we consider the famous iris plant classification problem as a simulation
of the above scenario. The database of this problem is frequently used in the pattern recognition
literature [33]. In this problem, there are four attributes and three classes. Each class corresponds to
50 samples. For these three classes, one of them is linearly separable from the other two classes, while
the latter two are not linearly separable. Given the four attributes, namely the sepal length, the sepal
width, the petal length and the petal width, our purpose is to classify the iris plants into three classes,
which are Iris setosa, Iris versicolor and Iris virginica.

At each trail of the simulation in this example, we randomly select training and testing datasets from
the irsdatabase. Twelve different samples randomly picked from the training dataset are presented for
each node at each trail of simulation. Then, the remaining 30 samples are used for testing. The step size
is set as (.15 here. In this example, the number of hidden neurons for each SLFN is 30. For this iris
plant classification problem, since the number of the samples for each node is very small, to accelerate
the convergence speed, firstly, a large initial step size is applied to help the weight matrix converge to the
value around the optimal solution fast and, then, a strategy for adaptively adjusting the step size is used
to help the algorithm search deeply. Namely, after an iteration, for each node, if J,QOC(W) increases, we
change the step size by " = 0.954.
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The above six algorithms are also performed for this classification problem. The steady-state NMCRs
of these six algorithms are given in Table 3. The steady-state NMCR of the dELM-LMS algorithm is
far lower than that of the non-cooperation ELM-LMS algorithm. The performance of the dELM-LMS
algorithm approaches that of the centralized ELM-LMS algorithm. As for the three ELM-RLS-based
algorithms, the performance difference between the dELM-RLS algorithm and the non-cooperative
ELM-RLS algorithm is very obvious. Moreover, the performance of the dELM-RLS algorithm is
very close to that of the centralized ELM-RLS algorithm. Thus, for this classification problem, the
dELM-LMS algorithm and the dELM-RLS algorithm present good performance.

Table 3. The steady-state NMCRs of different algorithms for the iris plant classification

problem.

Algorithms Steady-state NMCR
non-coop ELM-LMS 25.38%
dELM-LMS 10.50%
centralized ELM-LMS 9.87
non-coop ELM-RLS 11.13%
dELM-RLS 4.24%
centralized ELM-RLS 3.45%

4.3. Inhomogeneous Data Cases

In some real problems, one node in a network may just obtain a block of the whole measurements,
namely the node cannot uniformly and randomly collect data from the whole interval of the
measurements, but from a subset of the interval. In these cases, the performance of the non-cooperation
algorithms should be poor, and the advantage of the distributed ELM-based algorithms should be more
obvious. To simulate these cases, we present the comparison of the performance of the six algorithms

for the two synthetic data cases.
4.3.1. Fitting of the “Sinc” Function with Inhomogeneous Data

For this example, we know that the 6000 training input data are selected from the interval [—10,10].
Here, we separate this interval into seven non-overlapping subintervals. At each trial of the simulation,
for each node, we randomly select 360 input data from one subinterval and then pick 240 input
data from the remaining subintervals. The other settings about the data and the six algorithms are
the same as the “Sinc” function fitting problem in Section 4.1. The learning curves of the three
ELM-LMS-based algorithms are shown in Figure 6. In this case, we can see that the performance
difference between the dELM-LMS algorithm and the non-cooperation ELM-LMS algorithm increases,
while the performance difference between the dELM-LMS algorithm and the centralized ELM-LMS

algorithm almost remains unchanged.
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Figure 6. The transient network EMSEs of the ELM-LMS-based algorithms for the “Sinc”
function fitting problem with inhomogeneous data.

In Figure 7, the comparison of the transient network EMSEs of the three ELM-RLS-based algorithms
are displayed. The performance difference between the dELM-RLS algorithm and the non-cooperation
ELM-RLS algorithm become more evident. The performance of the dELM-RLS algorithm is also close
to that of the centralized ELM-RLS algorithm.

= = = non-coop ELM-RLS
dELM-RLS i

----- centralized ELM-RLS

Transient network EMSEs (dB)
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0 50 100 150 200 250 300 350 400 450 500
Time,i

Figure 7. The transient network EMSEs of the ELM-LMS-based algorithms for the “Sinc”
function fitting problem with inhomogeneous data.

4.3.2. Classification of the “Double-Moon” with Inhomogeneous Data

For such a situation, we also evaluate the six algorithms for the “Double-Moon™ classification
problem. In this case, we vertically divide the upper moon and the lower moon from the middle,
respectively. For each node, at each trial of the simulation, in each moon, we randomly select 48
data from one of the two halves and then pick two data from the remaining half. Thus, there are

100 data in total for each node. The other settings about the data and the six algorithms are the
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same as the “Double-Moon” classification problem in Section 4.2. In Table 4, we present the results
of the steady-state NMCRs of these six algorithms. We find that the performance difference between
the dELM-LMS algorithm and the non-cooperation ELM-LMS algorithm increases for this problem,
while the performance difference between the dELM-LMS algorithm and the centralized ELM-LMS
algorithm almost remains unchanged. Similarly, the performance difference between the dELM-RLS
algorithm and the non-cooperation ELM-RLS algorithm also becomes more obvious for this problem.
The performance of the dELM-RLS algorithm approaches that of the centralized ELM-RLS algorithm.

Table 4.  The steady-state NMCRs of different algorithms for the *“Double-Moon”
classification problem with inhomogeneous data.

Algorithms Steady-state NMCR
non-coop ELM-LMS 13.10%
dELM-LMS 5.51%
centralized ELM-LMS 5.41%
non-coop ELM-RLS 9.74%
dELM-RLS 2.84%
centralized ELM-RLS 2.40%

In both examples, the performance of the dELM-LMS algorithm and the non-cooperation ELM-LMS
algorithm in the homogeneous data case is better than that of these two algorithms in the inhomogeneous
data case, respectively. The performance of the dELM-RLS algorithm and the non-cooperation
ELM-RLS algorithm in the homogeneous data case is also better than that of these two algorithms in the
inhomogeneous data case, respectively. Given inhomogeneous data, the number of data points in some
subinterval may be very small. Thus, the above phenomenon is rational. In addition, as to the real data
examples, we also compare the performance of the six algorithms in inhomogeneous data cases. Since
the simulation results of the real regression problem and the real classification problem are qualitatively
similar to those of the synthetic data regression problem and the synthetic data classification problem,

respectively, thus, we omit these results.

5. Conclusion

In this paper, based on the ELM theory, we derived the dELM-LMS algorithm and the dELM-RLS
algorithm, which are as simple as the corresponding linear regression algorithms, but applicable to
nonlinear learning problems. As we know, due to the limited computational resources in each node,
simplicity is quite important. The dELM-LMS algorithm and the dELM-RLS algorithm were then
applied to several benchmark problems, including two regression problems and two classification
problems. Compared with the non-cooperative ELM-LMS algorithm, the newly-developed dELM-LMS
algorithm can converge to a lower steady state. The performance difference between the non-cooperation
ELM-RLS algorithm and the dELM-RLS algorithm is also obvious. In addition, the steady-state
performance of the dELM-LMS algorithm and the dELM-RLS algorithm is very close to that of
the centralized ELM-LMS algorithm and the centralized ELM-RLS algorithm, respectively, for these
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four benchmark problems. The performance of the dELM-RLS algorithm is better than that of the
dELM-LMS algorithm, while the computational complexity of the dELM-LMS algorithm is lower than
that of the dELM-RLS algorithm, so we can choose to use different algorithms in different situations.
In addition, given inhomogeneous data, the performance difference between the developed distributed
algorithms and the corresponding non-cooperation algorithms is more obvious. The performance of
the developed distributed algorithms is also close to that of the corresponding centralized algorithms.
Overall, the dELM-LMS algorithm and the dELM-RLS algorithm both exhibit good performance for
distributed nonlinear learning.
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