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Abstract—This paper reports the VLSI implementation of NN
(Neural Network) based emergent behavior model for high-speed
robot control. Augmented FSM (Finite-State Machine) is
considered to implement the emergent behavior. We performed a
system level simulation using our proposed model. Then, we
transformed the model to RTL (Register-Transfer Level) for
circuit simulation. In this study, we considered multiple-inputs
and multiple-outputs NN. Our implementation method improves
speed of execution and accuracy and compare the result with
conventional neural network. For activation function in NN, we
implemented sigmoid function with second order approximation
to reduce complexity. We used walking gesture of Kondo KHR-
3HYV robot to verify the model.

Index Terms—Emergent behavior, robot control, VLSI, Neural
Network, system

I. INTRODUCTION

VER the past few decades, our society is moving

towards to fully automation whether it’s in

manufacturing, production, surveillance, security etc.
Now a days for automation, Al (Artificial Intelligence) and
neural networks are used for classification and identification
[1],[2]. Brooks et al., reported a new method for the application
of Al to robotics, known as emergent behavior-based robotics
[3]. Lowest level behavior was represented by AFSM
(Augmented Finite-State Machine). However, for a complex
robotic system, knowledge based behavior is also required for
full control which can be implemented as a neural network [2].
In this work, we considered a hybrid approach which is the
combination of both knowledge-based behavior and sensor
control priority-based behavior based on AFSM as illustrated in
Fig. 1. The main objective of this work is the VLSI
implementation of behavioral model with lesser delay and
complexity compared to conventional implementation to speed-
up the robot control. Normally, implementation of behavioral-
based Al model using python or MATLAB results higher
processing time (~millisecond) in robot control. However,
implementation at hardware level the delay could be in
nanoseconds. This work focus on the implementation of
emergent behavior model at hardware level. To implement the
NN, we approximated sigmoid function instead of conventional
method, obtain almost same S-curve with lesser complexity.
We implemented AFSM with respect to four state of sensor
inputs. Session II, describes the conventional level implantation
of emergent behavior model which is the combination of AFSM
and NN. The RTL level implementation of NN is described in

Sec. IV. Details of Sigmoid function approximation for VLSI

implementation is described in Sec. III.
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Fig. 1. Proposed behavior-based architecture implemented using a neural
network (NN) and an augmented finite-state machine (AFSM).

II. SYSTEM LEVEL IMPLEMENTATION OF NEURAL NETWORK

ANNSs (Artificial Neural Networks) usually known as NNs
are computing systems inspired by the biological neural
network that contains animal brains [1]. In ANN, we used
artificial neuron to perform different mathematical functions
like transfer function, sigmoid function, summation,
multiplication as depicted in Fig. 2.
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Fig. 2. A neural network consists of inputs x; is multiplied by its associated
weight w;. The results is then sum together (Z) and then subjected to Sigmoid
function (S) to determine output.

In NN, each artificial neuron is connected to other artificial
neuron and all artificial neurons are categorized in different
layers. In this work, NN consists at least 2 layers, one input
layer and one output layer but in some complex neural network
there are some hidden layers to improve the accuracy of the
results and reduce the errors. As each artificial neuron is
connected to other artificial neuron, creates a dense and
complex network, thus by adding more layers we increased
complexity of the network, thereby the accuracy is increased.
To implement the neural network, weight and bias values are
needed which are obtained by training the network which is



performed by using TensorFlow and Keras. After training the
network, we collected all the necessary parameters. Using those
parameters, we tested the network, measure accuracy and error
margin. Here, we have used this neural network to classify the
motion of the humanoid robot such as forward motion,
backward motion, right motion, and left motion. We also
included sensor data responses which we collected from
sensors, connected to the robot. Figure 3 shows the sensor data
are corresponding to 22 different servo motor angles, used as
input data for the neural network. The data we have used is 1
dimensional form.
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Fig. 3. Servo angles (in deg.) are obtain using Kondo KHR-3HV robot [4]
simulation using VREP robot simulator [5]. Here, Datal, Data2, Data3,......

.., and Data22 are corresponding to servo-motor number 1, 2, 3, ........ ,and
22, respectively.

Since, we have 22 input data, we considered 22 neurons in
input layer and, the output layer consists of 4 neurons. We
classified four different motions after classifying the motion,
we have four different combinations of data by using that
predicts next motion for the robot and, by implementing this
neural network on chip, we can reduce delay and can perform
prediction in real-time. Here, we avoided the hidden layers
because of lesser complexity of our application if the
complexity of classification is higher. NN based classified data
is shown in Fig. 4. In each layer except the input layer, there are
artificial neurons, and each neuron operates on two basic
functions 1i.e., transfer function and sigmoid function. 1) In
transfer function, there are two operations, multiplying weight
values with input and then adding it with bias value. 2) The
sigmoid activation function decides how likely the prediction is
true for a given input set. As shown in Fig. 2 there are two
operations, which are perform to achieve the predicted output
range between 0 to 1. That’s why sigmoid function is used as
an activation function to get S-shaped curve which has an
output range between 0 to 1. So sigmoid function has very
important operation which has to be implement very precise.
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Fig. 4 Classified data corresponding to humanoid robot forward, backward,
right, and left movement. The classification is done using developed NN
model.

II1. IMPLEMENTATION OF SIGMOID FUNCTION

Sigmoid function is one type of activation function which is
mainly used in ANN [6], [7]. A Sigmoid function is a
mathematical function having a characteristic “S” shaped curve
or sigmoid curve and normally the output range of this function
is from 0 to 1. Because of the shape of the curve and the output
range, it is used in NNN. The mathematical equation for the
sigmoid function is [6]

S(z)=
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Two basic operations are observed in the equation which are
an exponential component and division. Direct implementation
of these two operations at hardware level is quite complex.
Therefore, instead of direct implementing (1), we can
approximate it up to second order which is described below.

A. Sigmoid Function Approximation

Now, as we have seen that sigmoid function contains various
complicated operations such as exponential and division
operation which makes hardware level implementation
complicated. So, to make it easier we have proposed an efficient
way of implementing sigmoid function using second order
approximation. The proposed function contains operations such
as multiplication, addition and subtraction which are not
complex as compared to exponential and division operations.
The proposed equation of the sigmoid function using second
order approximation is mentioned in (2). The result of second-
order approximation is almost accurate, also the complexity of
the equation is reduced significantly as it requires
multiplication, addition, and subtraction operation instead of
exponential, so the implementation of this equation is simpler
compared to the conventional one. According to our discussion



on the proposed equation, the flow chart for the equation is
depicted in Fig.5.
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Fig.5 Illustrates the flow chart of Sigmoid approximation. The Sigmoid
function is implemented, corresponding to this flow chart.

The sigmoid function is used as an activation function in
neural network, as it gives output between the range 0 and 1.
Using the proposed sigmoid function, we avoided the
exponential operation, also the accuracy is very high. Figure 6
shows the comparison between conventional sigmoid function
and proposed sigmoid function. We observed that the curve of
the proposed sigmoid function is S-shaped, almost identical to
the conventional one.
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Fig. 6 Comparison between conventional sigmoid function and proposed
sigmoid function.

B. Transfer Function

Transfer functions are mathematical functions that models the
output y(t) (a time varying function) of a system with respect to
input x(t). Here, it’s important to note that the input has a
notation that denotes its pattern, so does the output. A transfer
function basically tries to find the mathematical relationship
between the input pattern and the desirable pattern (output).
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Fig.7 Architectural representation of Artificial Neural Network (ANN).

Figure 7 shows that the transfer function collect
multiplication of the input data and weights values and add
them and feed to activation function in this case it feeds the
output to sigmoid function for activation of the neuron.
Equation (3) describes this function,

Z=B+ ZLOWI. *x, (3)

Here, Z is the final output which feeds to sigmoid function.
We considered n (1, 2, 3, ...... , n) number of inputs,
corresponding weight values w; varies from w; to w, same for
input data, varies from x; to x,. Here B is the bias value which
is fixed for each neuron. The bias and weight values are
obtained after completing the training of the network.

IV. HARDWARE IMPLEMENTATION

Hardware implementation of sigmoid function requires
adder, comparator, registers, and multiplier [8], [9], [10]. Figure
8 shows the data path for the digital logic design.
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Fig.8 Architecture of proposed sigmoid function for hardware (FPGA) level
implementation.

input

We have discussed earlier in Sec. II is that that an activation
function plays a crucial role in NN, which makes it necessary
for the hardware implementation to be accurate, with minimal
errors. The hardware level implementation is performed for
different number of input bits i.e., higher the number of bits,



higher is the accuracy, as well as precision. During testing, we
have considered 8-bit, 16-bit, and 32-bit floating numbers as an
input to the proposed sigmoid function, one at a time. Of course,
32-bit floating input would have higher precision, also the
shape of the curve is sharper compared to the other two inputs
i.e., 8-bit and 16-bit, but at the cost of more memory space. In
8-bit floating input, 4 bits are used for representing fraction. In
16-bit, 8 bits are used for representing fraction. In 32-bit, 14 bits
are used for the same. Hence, 8-bit floating input is having
precision of 6.25%1072, for 16-bit it becomes 3.9*10-* and for
32-bit it becomes 6.1*¥1075. For output the case is different, 8-
bit, 16-bit and 28-bit are used to represent fraction, also the
precision comes out to be 3.9 * 107, 1.52 * 107, and 3.72 * 10"
9 respectively for 8-bit, 16-bit, and 32-bit floating inputs.
Hence, we have proposed the hardware design of sigmoid
function with 32-bit floating input for higher precision. Also,
we have analyzed different constraints such as time and delay
for our proposed design.
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Fig.9 RTL overview of proposed sigmoid function

The RTL shown in the Fig. 9, is an overview of the proposed
sigmoid function, there are three parts in the RTL Design, each
one having its own functionality. Part-I in the RTL Design
performs (ZZ—Z + 1) or (ZZ—Z - 1) i.e., either of the two, this
requires a comparator, a shift-register and adders, Part-II
performs a squaring operation; hence a multiplier is required,
and Part-III performs subtraction if the input is greater than 0,
otherwise the input is bypassed directly to the output, which are
illustrated in Figs.10 (a)-(c), respectively. Simulated output
corresponding to the sigmoid function is depicted in Fig. [11].
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Fig.10 (a) RTL of Part-1, (b) RTL of Part-II, and (c) RTL of Part-11I
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Fig.11 Simulated output of proposed sigmoid function with various precision.
Higher precision is obtained for the 32-bit floating input.

V. CONCLUSION

For hardware implementation of the proposed model, we
combined the NN with AFSM for identifying the next motion
off the humanoid robot [11], [12], [13]. Also, we classified
robot motion which is implemented in the hidden layer. We
optimized several mathematical operations like multiplication,
addition, and subtraction to optimize entire neural network.
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