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Abstract—Extreme learning machine (ELM) is a popular class
of supervised models in machine learning that is used in a
wide range of applications, such as image object classification,
video content analysis (VCA) and human action recognition.
However, ELM classification is a computationally demanding
task, and the existing hardware implementations are not efficient
for embedded systems. This work addresses the implementation
of extreme learning machine (ELM) in a system on a chip
field-programmable gate-array (SoC FPGA)-based customized
architecture to efficiently utilize hardware accelerator. The op-
timization process consists of parallelism extraction, algorithm
tuning and deep pipelining.

Index Terms—Extreme learning machine, system on chip field-
programmable gate array (SoC FPGA), hardware (HW) neural
networks (NNs).

I. INTRODUCTION

Neural networks (NNs) are a powerful set of machine
learning algorithms, where the complexity of algorithm is
defined based on the number of samples, that have been used
in a wide range of applications. As a result, for applications
that require high accuracy, the computational operation load
is increased. Therefore, when the application is embedded,
such as embedded vision, automotive or security systems
(surveillance systems) that are required to work in real-time,
and power management, the computational operations and the
number of utilized resources (cells) become more important.

One of the active research area in NNs is extreme learning
machines (ELMs), which are known for computational effi-
ciency and performance for large data processing. ELMs are
based on the theory of random vector functional link (RVFL)
networks [1]; however, ELMs outperform RVFL networks
[1]. ELM was proposed as a single-hidden-layer feedforward
neural classifier in which the hidden layer does not need to
be neuron-like. Fig 1 represents the structure of an ELM
that consists of a random hidden layer with nonlinear fea-
ture mapping for the output, which has the advantages of
low training complexity, fast learning speed, ability to use
different types of activation functions [1] and well-known
representation ability. Currently, many researchers are aiming
to develop machine learning algorithms with better rates
and performance; however, few researchers have focused on
developing a hardware implementation to execute the whole
algorithm. This has motivated substantial research to develop
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a system to utilize parallel computing platforms, such as field-
programmable gate arrays (FPGAs) [2] and graphic processing
units (GPUs), [3] or specialized multi-core microprocessors
with architecture optimized for multiple computational op-
erations. Implementations of ELMs on GPU platforms have
been discussed recently [4]; however, GPUs face challenges
with regard to power consumption [5] and are thus difficult to
deploy in embedded environments. Hence, a new generation of
FPGA-based SoC that is composed of both a microprocessor
and FPGA on a single chip [6], consumes less power and can
be built into small systems offers an attractive platform for
embedded applications.

In this work, we propose a specialized SoC hardware
implementation and design approaches for embedded ELM
classification applications, such as human action recognition,
where classification needs to be performed with low power and
often with limited available resources. The presented design
is part of research into developing embedded systems for
recognizing human actions. The parts related to pre-processing
[7] [8] [9] and feature extraction [10] [11] were previously
reported, and in this work, we mainly focus on the final step,
which is classification.

This paper is organized as follows. Section II provides
the background on ELM classifiers and related work. The
design of the module for implementing ELM on an embedded
platform is presented in section III. Section IV presents
SoC FPGA experimental and implementation results. Finally,
conclusions are drawn in Section V.

II. RELATED WORK

The fixed training time, possibility of parallel operation
and temporal requirements make ELM a good candidate for
hardware implementation. Because of the specific structure
of NNs, general processors are not efficient for the imple-
mentation of NNs that are designed for applications that
require online training and classification. To cope with this
problem, different hardware accelerators based on FPGA,
GPU, VLSI/ASIC or SoC FPGA have been proposed recently
to improve the performance of NN designs. The difficulty
of the design procedure and the cost of production make
the VLSI/ASIC approach unpopular. Several works tried to
improve the classification speed by accelerating data process-
ing in the GPU [3], where, as we discussed before, power
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Fig. 1. System illustration

consumption is a problem for embedded platforms. Among
these approaches, configurable hardware, such as FPGAs and
complex programmable logic devices (CPLDs), have attracted
increasing attention from researchers because they have the
advantages of good performance, high energy efficiency, fast
development and simple coding.

A. Extreme Learning Machine (ELM)

ELM was mainly proposed as a learning theory for single-
hidden-layer feedforward neural networks (SLFNs), where
the hidden layer need not be neuron-like. Traditionally, the
gradient-descent-based method was used for feedforward neu-
tral networks and required all the parameters to be tuned,
which resulted in long processing times. By contrast, ELM
requires one hidden layer in which all the parameters of
the layer, weights and bias are randomly defined. Inverse
operation can be used to find output weights to link the
hidden layer to the output. In this part, we briefly discuss
the fundamental theory of the ELM. More detail has been
provided in [1]. Let consider X represent a training data set of
N arbitrary distinct sample pairs (x;,y;),s = 1... N, where
x; = i1, T, ..., Tin]T € R™ is the iy, input vector and
Vi = [Yi1, Yizy - - - Yim)T € R™ is the target vector. Then, the
SLFN with L nodes in the hidden layer, the activation function
®(z) and the output function f(x) are defined as follow:

L
fo(@) = wipi(x) = p(a)w (1)
. =1
yj =Y wiplaix; +b;) j=1,...,N, 2)

i=1

where w; is the weight vector connecting the i, hidden node
and the output nodes, and ¢(x) = [p1(x),...,@r] is the
ELM nonlinear feature mapping. The vector ¢;(z) is the iz,
hidden node output, where a; connects the input layer to the
hidden node through a set of weights a; = [a;1, a2, - - . , @in] T,
and b; = [bi1,bi2,...,bin]T is a biased term. The training
procedure of the ELM consists of two steps. First, hidden node

parameters (a,b) are randomly defined to map input data to
the feature space. The mapping function can be any activation
function [1], and the sigmoid function is commonly used.

wi(z) = g(ai, b, ) (3)

1
1 + efa.erb (4)

The second step is finding the values of weights that connect
the hidden node to the output node w;, which is achieved by
minimizing the convex cost,

g(a,b,x) =

. 2
min W — 5
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where y and ¢ are the training data and hidden layer output
matrix, respectively, and ||.|| is the Euclidean norm. Each row
of the matrix ¢ is the hidden layer feature mapping with
respect to the ¢4, input x;, and each column of ¢ is the
i+, hidden node output with respect to inputs x1, 2, - ,TN.
To solve equation 5, consider that the number of the hidden
neurons is equal to the number of samples; then, matrix ¢ is
square and invertible. Output w is obtained by inverting matrix
(; however, in practice, when the number of samples is greater
than the number of hidden nodes, matrix ¢ is not square and
equation 5 is not resolvable. To overcome this problem, since
a and b are fixed, equation 5 can be considered to be a linear
system that can be rewritten as:

w= 'y, 9)

where o' is the Moore—Penrose pseudoinverse of matrix ¢,
which can be obtained as follows:

ol = (pTp) Lol — If T is nonsingular (10)
Y
Since the training procedure only requires three calculation
steps, the training time can be extremely fast, which is
necessary for applications that require real-time training.

QOT = <;0T(90T<,0)71 — If <pT<p is singular.

B. ELM Computation

As discussed in equation 9, matrix inversion, transposition
and multiplication are required to obtain matrix ¢f. Of these
three operations, inversion is the most challenging. Different
approaches have been proposed for matrix decomposition,
and Cholesky, LU and QR are the most common methods.
Cholesky and LU are mainly used for positive and non-
singular square matrices, whereas () R can be used for any type
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of matrix. QR decomposes a given square matrix ¢ into an
orthogonal () and a triangular matrix R, ¢ = QR, and the in-
verted matrix can be computed as ¢! = (Q.R)"! = R~1.Q".
For nonsquare matrices, the pseudoinverse of ¢ is found as
ol = R™1.Q'. Different approaches have been proposed
to perform QR decomposition: Gram-Schmidt, Householder
Transformation and Givens Rotations. Among of them, Givens
Rotations is most popular because of its stability, and Gram-
Schmidt is not efficient when run on hardware [12]. The
problem of stability is solved in the modified model of
Gram-Schmidt (MGS). In addition, in contrast to the original
algorithm, which requires a square root operation in the final
step, it requires fewer operations and resources [13].

¢ = [p1lpal - |pn] (12)
Uy = ¢1 (13)
up = gy — 2N, (14)
(u1,u1)
Un = P — <<pn7u1>u _ {@nsUn—1) T (15)
<U1,u1> <un—17un—1>
1= =2 en = " (16)
(| ur | | uz || | un ||
1 €1 2 - €1 Pn - €1
0 ©2 - e ©On - €2
= [e1lez| - |en] : ) : a7
Q 0 0 On - en
R
o' =(Q.R)'=R.Q" If ¢ is a square matrix (18)

ol = (Q.R)~! = R7L.Q! If ¢ is a non-square matrix (19)
III. HARDWARE IMPLEMENTATION

In this work, the proposed implementation is synthesized
and run on a Xilinx Zynq SoC 7000. The advantage of the
Xilinx Zynq SoC is that it has two core ARM processors (PS
unit) with a programmable logic block (PL unit) in a single
chip. In this implementation, we used the first processor to
control the sequence of operations consisting of training and
prediction. Also, all the control signals of the modules in the
PL block are controlled by the processor.

The AMBA AXI version 4 protocol is the main interface
for communication between the processor and programmable
logic. The AXI interface consists of four 64/32-bit high-
performance AXI (HP AXI) slave interfaces, two 32-bit AXI
master interfaces, two 32-bit AXI slave interfaces, a 64-
bit AXI accelerator coherency port (ACP) and an extended
multiplexed I/O (EMIO) interface.

In the traditional accelerating system, separate chips, such
as DSP, FPGA and GPU, work as co-processors for the host
processor. The host processor manages control signals and
transfers data to shared memory. The co-processor is triggered
by the host processor to execute the operation on the shared
data. The output of the algorithm is then sent back to shared

memory. In the final stage, the host processor reads the content
of the shared memory and transfers it to the output port. All
transactions are controlled and monitored by the host proces-
sor, which is inefficient and leads to high overhead. In the
new architecture that we use in this study, the shared memory
between the host processor and accelerator is an L2 cache
with low latency. The ACP is the interface between the AXI4-
Stream interconnect and the host processor (ARM CPU). The
ACP is a 64-bit AXI slave interface on the snoop control unit
(SCU), which provides an asynchronous cache-coherent access
point directly from the PL to the host processor subsystem.
The ACP provides a low-latency path between the PS and the
accelerator implemented in the PL. The host processor needs
only to initialize the cache, after which the input data are
transferred in a completely independent manner to the DMA
in the PL. As a result, more cycles remain available on the host
processor for higher-level processing. The implementation of
ELM operates in a two-clock domain. The first clock domain is
used to train the ELM, and after the input data are transferred
from shared memory to the DMA, the circuit illustrated in
figure 2 is used to execute the MGS algorithm to find ) and the
R matrix. The circuits consist of three shift registers that store
the results of operations u;, < u;.u; > and < u;., >. Each
cell of the shift registers update in parallel, which saves more
clock cycles for the rest of the operation. After updating, the
content of each cell is passed to the temp register for division
and subtraction. The obtained wu; is sent back to the second
shift register to compute u;41. The MU X is used to control
the input of the second shift register since in the initialization it
is necessary for 1 to pass directly to the second SH R5. The
second MU X, controls the input for the subtraction operation.
oy is first subtracted from <‘P’1L7’zfll>> u1, and then it is subtracted
from the rest of the items (Equ 15).The output of the circuit in
figure 2 generates {uy,us, ..., un }, which can be used to find
[e1]|ea]...]en]. A square root operation is required to find e;,
and it is implemented by an arithmetic unit IP in Vivado. The
output of the arithmetic unit generates each element of matrix
(. The matrix @ is transfered to the shared memory L2 cache,
and the host processor computes matrix R and finally f. After
training and obtaining all the parameters, the circuit in figure
3 is used for prediction, which operates in the second clock
domain. It consist of four main modules: Pre-Computation,
Control-Input, Neuron Computation and Output. The first stage
consists of multiple shift registers, where each shift register
generates a vector for the 4;; neuron:

[(a;.z1 + b;), (a;.x2 + b;),. .., (a;.xn + b;)]. (20)

The input of each neuron is selected by MUX, and the output
of each neuron is computed as ¢; = g(a;,b;, zj=1..n) and
passes to the output stage to compute y; = ZiL=1 wip(a;.xj+
b) j=1,...,N.

IV. PERFORMANCE OF THE FPGA IMPLEMENTATION

The proposed FPGA implementation of the ELM algorithm
is performed on a Zyng-7000 (XC7Z020) Xilinx SoC with a
Vivado 2015.2 synthesizer.

472



”n.

u,, LXYYYYYT u

MUXL SHR2

Reg 2

(o, )|, )

SHR3

Pre-Computation

Control

Input Neuron Computation Output

SHR N

p(a.x +b)
)
X

Fig. 2. Schematic diagram of the MGS-based Q and R matrix computation.

Comparison of the implementation results with those of
other works is difficult since all preivous works consider
different testing datasets, different numbers of hidden layers,
and different types of variables (fixed point or floating point).
Also, different solutions are defined based on the varying
applications. As mentioned before, this research mainly fo-
cuses on embedded systems for human action recognition,
which requires the system to be capable of both training and
prediction. In this work, we test our algorithm on two recent
challenging datasets: 3D Hollywood [14] and HON4D [15].
The data format for this implementation is fixed point with
64-bit width. The accuracy of the classification was 12.2 %
for the 3D Hollywood dataset and 72.40% for HON4D. For
both datasets, the highest accuracy achieved was 13.3% for 3D
Hollywood and 88.89% for HON4D. The highest accuracy was
reached on a PC with floating-point variables and operations,
whereas in this work, we used fixed-point variables. Table 1
shows the resources utilized for implementation.

TABLE I
FPGA CONSUMED RESOURCES

Target FPGA
Proposed System (Zynq)

LUT | DSP48E | BRAM
15488 81 96

V. CONCLUSION

In this work, an SoC FPGA-based ELM algorithm is pre-
sented. The proposed work discussed the appropriate circuits
for both training and prediction on an embedded system.
Future work could test the proposed system with more datasets
and evaluate the performance of the proposed circuit under dif-
ferent conditions, including fixed-point variables with different
widths and floating-point variables.
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