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Chapter 1

Introduction

1.1 Potential of Neural Networks

This thesis describes about a design method of recurrent neural networks for
dynamical robot control. Recurrent neural networks are excellent to discriminate,
transform, memorize and recall temporal data. They would be useful to realize
dynamical control of robots in the real world. However there is no powerful
enough designing method for them.

Neural networks are a technology of parallel computation in which the
computing elements are artificial neurons based on simple properties of biological
neurons. They are roughly classified into recurrent neural networks which have
some feedback connections and feedforward networks. Feedforward networks
have been applied to many applications in comparison to recurrent neural networks,
because feedforward networks have several universal learning algorithms such
as backpropagation algorithm[1]. However feedforward neural networks can
memorize only static mapping between its input and output, and can not deal
with temporal data.

Contrary, recurrent neural networks that have feedback connections can

represent dynamics. One feature of recurrent networks is its relaxation or
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convergent dynamics where networks tend to settle in stationary points. This

aspect of recurrent networks became popular through Hopfield network[2].
Hopfield network is a network which has symmetric weights, no self-connection
and asynchronous update. It has dynamics and can memorize attractors. Hopfield
network can solve optimization problems based on the energy function. Original
Hopfield network consists of time discrete binary output neurons. It was extended
to a discrete time continuous function model[3] and a continuous time continuous
function model[4]. However, these networks can not memorize temporal
séquences such as limit cycles.

Other important feature of recurrent networks is their non-convergent
dynamics. After backpropagation algorithm was proposed, a layered network
was extended to several kinds of recurrent networks for temporal data
[1][51[6][71[8][9]. In recurrent network, a change of weights and external signals
can influence future behavior of the networks. Learning algorithm that takes
into account this effect has been proposed. For example, Real Time Recurrent
Learning (RTRL) [9] and Backpropagation Through Time (BPTT) [1] were
derived for fully connected recurrent networks. However, their learning
convergence is suffering from local minimum problem more than feedforward
networks, because these algorithms propagate an error through time, and the
error gradient can decay or expand exponentially in time. Moreover convergence
of learning depends critically on the choice of network topology, initial weights,
and training samples.

The other stream of neural network studies is modeling of biological system.
Many models of biological networks have been proposed and their dynamical
characteristics were analyzed. For example models of central pattern
generators[10][11], olfactory bulb[12][13][14], olfactory cortex[15][16] and
respiratory pattern generator{17] have been studied. In contrast to engineering
recurrent networks described in the above, biological neural networks have

unsymmetrical structures and incorporate significant delays as a result of axonal
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propagation. It is supposed that they have high computational capability beyond

simple recurrent networks which were extended from layered neural networks.
Therefore many kinds of biological neuron models have been studied[18][19][20].

Most of these are still too complex for constructing networks. One of the simplest

biological inspired neuron is the leaky integrator model such as Caianiello-

Nagumo neuron model. These models are simple enough for the engineering
purpose and yet the dynamics of these neurons show high computational capability.

However, networks consist of these models have not been analyzed enough.

1.2 Neural Network Control of Dynamical Robots

Reflecting lack of a designing method of recurrent neural networks, most
contributions of neural networks for dynamical robot control have been based
on layered neural networks. Kawato et al.[21][22][23] made use of feedback
error learning for forward control and regulating problems. Jordan et al.[24][25]
proposed the scheme of combining a forward model and an inverse model. In
these algorithms, a layered neural network acquires inverse dynamics of a
controlled object and is used as a regulator. Recurrent networks extended from
layered neural networks have been applied to system identify[26] or
control[27][28][29]. In these researches, recurrent networks play the role of
feedforward model or inverse model again.

However, what is required in a controller is not only regulation, but also
realization of a series of dynamical movement and an information processing of
temporal data. The establishment of a design method of dynamic recurrent

neural networks is one of the key to realize such kinds of dynamic controller.

1.3 What is Described in This Thesis

Based on the above consideration, this thesis describes a design method of

recurrent networks for dynamical robot control. The contents of remaining chapters

are summarized as follows.




In chapter 2, a new design method of a neural network controller, dividing

control is described. Conventional learning methods are not available for a multi
output plant, when the exact model of a plant is unknown. To solve this problem,
dividing control is introduced. Dividing control makes possible learning control

of a multi output system. The contents of this chapter are the following.

1. Dividing control is introduced.
*Dividing control is a control method to divide a plant to single input
and single output sub-plants and apply a neural network controller or
other control systems to each sub-plant.

2. Dividing control is applied to an inverted pendulum system.
* Through dividing control, an appropriate nonlinear controller is acquired
in neural networks for an inverted pendulum without the exact model of
a plant.
]t is shown that the neural network learning controller with reference
model that is applied to each sub-plant has high robustness.

3. Dividing control is applied to an active mass damper.
* Through dividing control, an appropriate controller is acquired for an
active mass damper.
* The controller acquired in a network satisfies non-linear restriction of

an active mass damper. Performance of the acquired controller is superior

to a quadratic linear optimal controller.

As so far, dividing control makes possible non-linear learning control of a
multi output system. Dividing control extends the application domain of a neural
network learning controller to multi output systems where plural sub systems
interfere with each other.

However, it is sure that layered networks can not deal with temporal or

4




context sensitive data directly. Therefore in the remaining part of this thesis,

designing methods of recurrent network are described.

In chapter 3, a time discrete binary output recurrent neural network model
which consists of Caianiello-Nagumo neuron model is introduced. It is known
that recurrent networks have great capability. However, for dynamic recurrent
neural networks which consist of realistic neurons have not been analyzed enough
because of mathematical difficulty. Here, the recurrent neural network which
consists of simple realistic neuron, Caianiello-Nagumo neuron, is proposed. Its
designing algorithm and dynamics are described. Also the convergence area of
certain limit cycles is decided theoretically. The contents of this chapter are the
following.

1. A discrete time binary recurrent neural network is introduced. The network
consists of Caianiello-Nagumo neurons which have leaky integration term.

2. Dynamics of the network is analyzed and the following conditions and
algorithms are derived.

* The condition for oscillating a certain limit cycle is derived. It is concluded
that the proposed network tends to stay a limit cycle.

e The condition for memorizing a set of limit cycles in a network is
derived. The algorithm that decides a set of parameters for memorizing
certain limit cycles in a network is derived.

*The condition for convergence in a certain limit cycle is derived. The
algorithm that decides initial states where the network converges to certain
limit cycle is derived. The condition for evoking a transfer between limit
cycles by external input is derived.

3. The performance of the proposed network is discussed.

*Several sets of limit cycles are stored analytically in the proposed
network. It is demonstrated that a network classifies a couple of context

sensitive limit cycles. The external input which evokes a transfer between
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limit cycles is also designed by the proposed method.

o]t is shown that the network can memorize only limited oscillation
patterns when the period of limit cycles is more than 3. This drawback
increases when the period or the number of limit cycles increases. It is
concluded that to memorize a set of arbitrary limit cycles, the network
requires hidden neurons, and a designer must decide behavior of hidden

neurons.

As so far, it is shown that the proposed network has capability to deal with
context sensitive dynamics. The theoretical designing algorithm is derived. It is
also shown that the theoretical algorithm is not available for embedding of
complex limit cycles. It is clear that networks require hidden neurons for complex
limit cycles and no method is established to decide behavior of hidden neurons.
Therefore, in next chapter, learning of recurrent networks using genetic algorithms

1s described.

In chapter 4, a genetic algorithm is introduced for learning of the recurrent
network proposed in chapter 3. To accelerate performance of genetic algorithm,
the internal copy operator and inter-individual copy operator are introduced.

The effectiveness of the proposed algorithm is shown in some applications.

1. Internal and inter-individual copy operators are introduced.
e Internal copy operator is a genetic algorithm operator which copies a
portion of gene to an other part. Inter-individual copy operator copies a
portion of gene to the other part of other genes.
2. The proposed method is applied to an excitation problem of a vibration
system.

e[ earning of the recurrent network is accelerated by introducing copy

operators. In the beginning of learning, mutation operator is dominant.
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Next, copy operator is dominant. At last mutation operator is dominant.

It is concluded that copy operator copies functional parts made by mutation
operator.

3. The proposed method is applied to the excitation problem of a set of

vibration system. | |

eThe goal of this task is to excite two vibration systems which are
connected to the recurrent network alternatively. This problem has severé
local minimum area. Nevertheless, the quasi optimal solution is found by
the proposed method. The network hardly can memorize two limit cycles
without internal copy operator.
* The network acquires a peculiar structure by internal copy operator. It
1s supposed that this structure accelerates learning.

4. The proposed method is applied to a swing up problem.
eThe goal of this task is swinging up a pendulum, and keep it on top
position. The network acquires an appropriate control rule for these two
behaviors.

5. The proposed method is applied to the large scale problem.
e The proposed method is applied to the learning problem of recurrent
networks which consists of 128 neurons. The goal of task is to excite a
vibration system driven by recurrent networks. After enough learning,
the network acquires an appropriate control rule. All neurons work

cooperatively.

As so far, it is shown that genetic algorithm with internal copy accelerates
learning of recurrent networks for dynamical control tasks. Recurrent networks
can acquire a set of limit cycles, a set of behavior and a peculiar structure

through genetic algorithm learning.

In chapter 5, the results of this thesis are summarized.
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Chapter 2

Dividing Control for
Dynamical Robot System

2.1 Introduction

Several kinds of learning controllers using a layered neural network have
been proposed. »However, most of them can not be applied to complex problems
such as a multi output problem (This nature of neural network learning controllers
will be discussed in section 2.3.1 through the control problem of an inverted
pendulum).

On the other hand, decomposition of a large problem is a general idea to
solve a large problem in daily situations. This concept is also important from the
engineering point of view. For example, modular architecture has been studied
eagerly for neural network learning of complex functions[1][2][3]. Decomposition
is also effective for analytical design of a dynamical control system. Decentralized
and hierarchical control have been studied to simplify design of a linear control

system[4][5]. Backstepping method, where a plant is divided into subsystems,
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makes possible design of an adaptive control system without augmented
errors[6][7].

In this chapter, dividing control is introduced to solve a multi output learning

control problem[8][9]. The proposed design method utilizes the concept of
decomposition. This method consists of two designing steps. In the first step, a
complex plant is divided into single input single output sub-plants. In the second
step, a learning controller is applied to each sub-plant.

This chapter is structured as follows. Dividing control is introduced in section
2.2. In section 2.3 and 2.4, dividing control is applied to the stabilization problem
of an inverted problem and the control problem of an active mass damper. It is
shown that a structure introduced by the dividing process makes possible learning

control of a multi output system.

2.2 Dividing Control
In this section, dividing control is introduced through an application to a
linear system. A linear system which has one input m outputs is described as

follows.

m
X;=AX, +Bu+ Zz
- J=1#i

y; =Cx; (i=12---m) (2.2.F)

ijXj

where u is the manipulated value, x; is the state vector of sub-system i, y;
is output of sub-system i, z; j 1s the matrix that decides interference between
system ¢ and j. The above equation is rewritten in the following expression
while assuming each subsystem is first order lag time system and z; ; 1s negligible

for simplicity.

m;x; =k;x; +u (]mi|<'mjl|i<j)
yi=x; (i=12,---,m) (2.2.2)
12




The structure of equation (2.2.2) is shown in Figure 2.2.1. In this expression,

the manipulated value « interferes with all sub systems. Equation (2.2.3) is

derived from equation (2.2.2).

mlfcl = klxl +u 1 =X (223)(3)
myx; = kix; +(m;_y%;_1 — ki_1%i-1)
Yi =X (i:2,3,---,m) (223)(1'))

In equation (2.2.3), the sub-system 1, equation (2.2.3)(a), is a one input one
output system whose input is u. The sub-system i, equation (2.2.3)(b), is a one
input one output system whose input is output of the system (i —1). Now, each
sub-system is independent each other except for connections between adjacent
systems (Figure 2.2.2). Equation (2.2.5) is derived when the following linear
feed back, equation (2.2.4), is applied to equation (2.2.3) (Figure 2.2.3).

”:—kl(xl _xr)
Mi=Dr = ki(xi _xir) (i= 2,3,0+,m—1)

X8 (2.2.4)
m m

u= Y | x; JJ(-Dk; (2.2.5)
i=1\_  j=1

Equation (2.2.6) is derived from equation (2.2.5) by change of variables.

m

w=> (Kix;) (2.2.6)
=

It means that applying a linear feedback controller to each sub-system is

equivalent to a linear state feedback applied to an original system, equation

13




(2.2.1). Then let’s think to apply a controller using a layered neural network to

equation (2.2.3), instead of a linear controller, equation (2.3.4). If the subsystem
i is controlled with time constant faster enough than the sub-system (i +1), the
whole system will be controlled by training controllers one by one, from sub-
system 1 to sub-system m. Neural network controllers can cancel non linearity
and interference between subsystems, which was neglected in equation (2.2.2),
through learning.

Dividing control has two remained problems. First dividing control requires
some information to decompose an original plant. There is no general way to
decide how to divide. Second problem is how to design each control system.
One solution is to design the controller from a priori information. This method

1s used in the 2.3 for the control problem of an active mass damper.
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subsystem 1

subsystem 2

subsystem m

subsystem 1 subsystem 2 subsystem m

Figure2.2.2 Structure of the plant (After decomposition)
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Figure2.2.3 The block diagram of a controller designed by dividing

control
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2.3 Dividing Control of an Inverted Pendulum

2.3.1 Conventional Learning Control
Model Reference Adaptive Control System(MRACS) is noted as a good

control method for a linear system, which has known structure and unknown

‘parameters, with learning. Using a layered neural network, many learning control

systems which are available for a nonlinear system have been proposed. For

instance, Gomi, Kawato et al. [10][11] made use of feedback error learning for
the regulating problem of an inverted pendulum. In their learning control system,
a feed back controller acts as a reference model which is used to calculate a
teaching signal.

It 1s difficult, however, to use these control methods for a multi output or
higher order system, because of the difficulty in designing reference models.
According to the theory of MRACA, a reference model must have the same
structure with a plant. It is hard to design an appropriate reference model without
parameters of a plant when a plant has complex structure, i.e., a multi input
output or higher order structure. Furthermore it requires all state variables to
calculate a teaching signal.

Jordan et al. [12][13] proposed a method which calculates a teaching signal
using a layered neural network which models a forward model of a plant.
However, it is also difficult to acquire the model of a plant in a network when a
plant is multi output.

Here, dividing control is applied to the regulation problem of an inverted
pendulum, which is a one-input two-output system. An inverted pendulum system

is regulated in both simulation and experimental system. Moreover, it is shown

that a reference model of order lower than a plant order is available.




2.3.2 Inverted Pendulum System

Figure 2.3.1 illustrates the regulating problem of an inverted pendulum.
Input of the system is force applied to the cart. Output is the angle of a pendulum
and the position of a cart. Following is a model of the experimental system of

an inverted pendulum including the motor system that drives the cart.

M5 +mLOcosO —mLO%sinf+cx =u (23.1)
mLicos@+ Jj+ p6 —mgLsin® =0 (232

Where 6 is angle of the pendulum, p is viscosity coefficient of the pendulum,
J is inertia moment of the pendulum, round the rotation axis, m is mass of the
pendulum, L is length between center mass of the pendulum and the rotation
axis, ¢ is viscosity coefficient of the cart, M is sum of the mass of the pendulum
and the cart, u is input which is given to the drive system of the cart. ¢ and M
include the viscosity and the inertial mass of the drive system of the cart.

Figure 2.3.2 is a block diagram of the experimental system. The velocity of
the cart maintains a fixed relation to input of the driver. Manipulated signal F is
integrated before being transmitted to the driver. Because of that the manipulated i
variable corresponds to the acceleration of the cart. Parameters of the system s
(2.3.1) and (2.3.2) are as follows.

::fﬁ:n."_.:r

m:0.015[kg] L:0.12[m]
J:2.58x107*[kg-m?*] p:0.62x107*[kg - m?/s]
M :0.625[kg] C:13.6[kg/s]

U(t) :fF(t) - dt

In the experimental system, 6 and x are measured by encoder and x and 6

are determined by numerical differentiation. Moving average method is used
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with previous three 6to compensate for lack of accuracy of the encoder. The

sampling time, that will be noted by o , is 20ms. Simulation of neural networks
and control of the experimental system is performed by a personal computer
(cpu=80386, fpu=80387, cpu clock=16MHz). In the simulation, an inverted
pendulum is simulated by Runge-Kutta-Gill formulas with the above parameters

for the experimental system.

7

Figure2.3.1 An inverted pendulum system

F U
Amplifer [_ppnotor \I
x
iming Inverted ¥ p —»> 1
encoder
elt pendulum >

Figure2.3.2 The block diagram of an experimental system




2.3.3 Dividing of an Inverted Pendulum

An inverted pendulum is a one input two output system , i.e., the manipulated

variable is F and the controlled variables are x and 6. It is difficult therefore to

design a reference model for an inverted pendulum. ‘

Lets” apply dividing control to an inverted pendulum. Dividing control consists
of two design steps: dividing of the inverted pendulum into two one input one
output systems and designing of a control system for each system. Figure 2.3.3
shows the method of division of an inverted pendulum. The area enclosed by
broken lines contains a learning controller and a controlled system where input
is F and output is6. The area enclosed by broken lines is also a controlled
system where input is 6 and output is x. After all, there are two systems, one
being a system for which input is F and output is 6, other one is a system for
which input is 6 and output is x. Each system is regulated through learning. 6
must be regulated at first, because 6 is the manipulated value when controlling

Xs

4], g o el | T
controller for |! controller for Inverted !
pendulum pendulum Pendulum :
—/ :
6,6 :

Ly X%

Figure2.3.3 The block diagram of a control system designed by dividing

control
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2.3.4 Applying Learning Control System

(a) Regulation of the Angle of a Pendulum

First, 6 is regulated with a learning control system as shown in Figure 2.3 4.
The system where input is F and output is x is a second order lag system if
neglecting the reaction of the pendulum and delay of the cart response from

manipulated signal. Therefore second order lag reference model is used.
Oy +kyi0, +Kkyn0,, =0 | (233)

The learning controller consists a 3 layered neural network that contains 10
neuron in the hidden layer. Inputs of the network are 6, 6. Output of the
network is « which is the manipulated signal determines F. Network is trained
by backpropagation algorithm. The teaching signal used in learning is shown

below.

T(t)=u(t)+ 5Fsgn(e(t - 5t)) (2.3.4)
e(t)=0-6,, (235

6,, is derived from equation ( 2.3.3). Equation ( 2.3.5) is a deviation of the

higest order state variable from reference value.
If p and c are negligible, then the following expression is derived.

JO? = —u(t)M + mgL6

and assuming that @ is constant then

6 o< u(r) (2.3.6)




Therefore learning through teaching signal (2.3.4) always decreases error

value (2.3.5). In fact, the angle of the pendulum is regulated by reference model
(2.3.3), teaching signal (2.3.4) and error value (2.3.5).
It is usually difficult to get 6 with accuracy, so let’s consider use of the

following first order lag reference model and teaching signal.

9h+kMﬁM:O (2.3.7)
T(t) = u(r) + 6F sgn(e(t + &t)) (2.3.8)
e(t)=0-6,, - (23.9)

Although the teaching signal (2.3.8) is not always appropriate as a teaching
signal, 8 was regulated through learning (Figure 2.3.5). Moreover, the following

zero order lag reference model and teaching signal are effective.

6, =0 (2.3.10)
T(t) = u(t) + 6F sgn(e(t + Ot)) (2.3.11)
e()=6-8,, {2302

After enough learning with (2.1.10)(2.1.11)(2.1.12), the angle of the pendulum
1s regulated.
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(b) Control of the Cart Position
It is supposed that the angle of the pendulum is already regulated by the

learning controller with the reference model (2.3.7).

The system that takes 6 as manipulated value and x as controlled value is a

fourth order lag system that consists of two second order lag systems. One is the

system that takes F as the manipulated value and 6 as the controlled value and
the other one is the system that takes ¥ as the manipulated value and x as the
controlled value (here, supposing % is decided by ). It is very difficult to
design a fourth order lag reference model. Then the following reference model
1s adopted here while assuming the two order lag system that takes F as input

and 6 as output is negligible.
X g L hgpaXyy ¥ Kpgosknr =10 (2.5:10)

The controller consists of a three layered neural network which contains 10
neurons in a hidden layer. Inputs of the network are x and x. Output of the

network determines 6. The teaching signal is derived from the following.

T(t) = u(t) + K, sgn(e(t + o)) (2.3.14)
e(t) =X, — % (2.3.15)

When the network is trained plentifully with the reference model (2.3.13),
teaching signal (2.3.14) and error value (2.3.15), cart position vibrates. It is
caused by a large delay between the manipulating signal and the manipulated
value. In this learning system, delay between 6, and 6 is larger than &, so
teaching signals that are made from x(¢ + 6¢), x(¢ + 6t )are not appropriate.

Therefore the network is trained with the following process. 1) At first,

measurement of plenty of data. 2) Then, training the neural network using data
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selected randomly from measured data with back propagation. After sufficient

training, cart position and angle of the pendulum were regulated.

2.3.5 Experimental Results
(a) Regulation of the Pendulum Angle

The angle of the inverted pendulum is regulated on the experimental system,
using reference model (2.3.7), teaching signal (2.3.8) and error value (2.3.9).
After sufficient training, the angle of the pendulum vibrates. This is caused by
the delay between calculated value of the angle velocity with moving average
method and the true value. In fact, in the simulation the angle of the pendulum
also vibrates when using the angle velocity with moving average. It is observed

that the angle velocity vibrates round a reference value. To reduce this vibration,

we modify the teaching signal to the following.
T(t) = u(r) + OF sgn(e(t + &) + K pé(t + ot) (2.3.16)

Teaching signal (2.3.16) contains differentiation, so we modify equation

(2.3.16) to discrete expression.
T() = u(t) + OF sgn(e(t + o)) + K (x(z + 6t) — x(1)) (2317

Training the network using equation (2.3.17) as teaching signal, the angle of

the pendulum was regulated. Figure 2.3.6 shows the response of the pendulum

when training 800 times with
o s Koo 50

(b) Regulation of the cart position
Next, the cart position is regulated on the experimental system using reference
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model (2.3.13), teaching signal (2.3.14) and error value (2.3.15). The network is

trained with data that are selected randomly from measured data. After adequate
training, cart position and angle of the network were regulated. Figure 2.3.7
exhibits the response of the inverted pendulum, when training 400 times with
Ky =0.3, ky, =0.3 and K, =0.03.

2.3.6 Discussions

Dividing control makes possible designing of a reference model for a multi
output plant. It is difficult to design a reference model for an inverted pendulum,
without knowledge of structure and parameters of a plant. Contrary it is much
easier to design a reference model for a sub-plant, i.e., two order last elements.
Moreover neural network learning control has high robustness. A function which
should be learned by each neural network is simplified and the risk of falling
into local minimums is also reduced. Consequently an appropriate control rule
was acquired. In theory, a three layered neural network can approximate any

function with accuracy. For a complicated problem, however, the method of

dividing is important.
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Figure2.3.6 Responses of the pendulum

Figure2.3.7 Responses of the inverted pendulum system




2.4 Control Problem of an Active Mass Damper.

An active mass damper (AMD) is the one of the most effective dampers. It
is useful for various applications, because it does not need a fixed point. For
example, it has been applied to a tall building and an elastic arm.

Conventionally, the controller of an AMD is designed by a linear theory
[14][15]. It includes a linear optimal regulator, pole assignment method and
conventional linear adaptive controllers. However, an AMD is a non-linear
system whose state variables are restricted, i.e., the stroke of the absorber mass
1s restricted. Therefore in designing a controller for the AMD using a linear
theory, it is necessary to restrict state variables by trial and error.

The algorithm of Ponrjagin and Dynamical Programming solves a nonlinear
optimal control problem. However, when a plant is nonlinear, its solution is
expressed as a function of time in general and is not good for control under
disturbances.

A number of neural network nonlinear controllers have been proposed in the
literature. Many of these are only applicable to a single output system which has

no restriction in state variables. The scheme of combining a forward model and

iy
“"f;:l";' B ¥

inverse model is applicable to a multi-output plant [16][17][18], and has been
applied to the control problem of AMD [19]. However, it does not directly

RN T
[

consider the restriction of state variables.

We have proposed a new approach of learning control, dividing control, that
is applicable to a multi-output system [20] (See section 2.2). In our approach, a iy
plant is divided into single input single output systems, and is controlled by
nonlinear controllers which control each sub-plant. Merits of our approach are
that it is applicable to a multi-output system and does not need a forward model
In contrast with the scheme of combining a forward model and inverse model.
We have applied it to a control problem of an inverted pendulum [7] (See

section 2.3). Output of a sub-plant is controlled as it follows a reference model.

27




Therefore a controller can restrict some state variables by designing an appropriate

reference model.
In this section, dividing control is applied to the control problem of an AMD

which is applied to an elastic arm. In some experiments of this section, it is
supposed that an AMD has no spring and damper between a main structure and

an absorber mass. A neural network can adapt itself to the system which has

spring and damper through learning as well.

2.4.1 Active Mass Damper
An elastic arm with AMD is illustrated in Figure 2.4.1. Assuming that an
elastic arm is a single degree of freedom vibration system, the plant is modeled

as a two degrees of freedom vibration system (Figure 2.4.2). Its dynamics are as

follows.

ml)'c'l = —(kl +k2 )xl +k2X2 " (Cl +C2 )xl + szz s /! ( 241)

mz)'c'z = —k2X3 = C2X3 +U ( 242)

Where x;, x; and x, denote the displacement of the main structure, the
displacement of the absorber mass and the relative displacement between the i
main structure and the absorber mass respectively. m,, m,, k,, k,, ¢, ¢, and u
denote mass of the main structure, mass of the damper mass, the spring constant
of the main structure, the spring constant of the absorber, the damping coefficient -
of the main structure, the damping coefficient of the absorber and the force
applied by the actuator respectively. x, corresponds to the angle of the axis of |
rotation.

It &k, and ¢, are negligible, then equation (2.4.1) and (2.4.2) become the

following.

mx =—kx, —cx —u (2.4.3)




Mm%, =u (2.4.4)

Let’s introduce x;,,,, and u_,, , which denote the maximum stroke of x; and
the maximum value of u. The object of control is to absorb x, as fast as

possible, while keeping |x;| < x,,.,, and |u|<u,,. .

Active Mass Damper

Elastic Beam

Rotate Axis

ERsomnoms 3

Active Mass Damper
Beam

l'
-q’-«

e ey e
i ‘i'l'-ﬁ' ARV

T

Damper Mass ~

=

ul

Linear Actuator b

S

Figure2.4.1 An elastic arm with an active mass damper
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Figure2.4.2 A second degree of freedom vibration system (the model of

an elastic arm with AMD)

2.4.2 Dividing of Control System
The first step of our approach, dividing control, is to divide a plant into sub
plants. A single degree of freedom vibration system with an active mass damper

is a single input two-output system (2.4.3) and (2.4.4). That is divided into the

following two single input single output systems.

X ==K X —Ci X — ma X, (24.5)
Ploks = Y (2.4.6)

System (2.4.5) is regarded as a s.i.s.0. system whose input is ¥, and output

1s x,. System (2.4.6) is also regarded as a s.i.s.0. system whose input is « and

output is x,. Each system is controllable.
Input of the system (2.4.5), X,, is not directly manipulative. However, if it is

possible to control x, with a sufficiently short time constant, X, is indirectly
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manipulative.

Consequently, a controller which has a block diagram is designed as shown
in Figure 2.4.3. In Figure 2.4.3, the control block for x, makes x,,, a reference

value of x,, which absorb x,. The control block for x, calculates u# which

makes x, follow x,,.

Controller

for xi X1 1
X2r
~ | Controller | u

for x, —»| Plan —@
+

Xy X2

Figure2.4.3 The block diagram of the controller designed by dividing

control

2.4.3 Introducing Learning Controller and Reference Model

The second step of our approach is to design control blocks which control
sub plants. There are several ways to design a controller for each sub plant.
From the point of flexibility and adaptability, it should be a nonlinear learning
controller. In previous section a nonlinear learning controller is applied to each
sub plant of an inverted pendulum [7]. However, it is difficult to apply a
learning contzeller to the control block for x,, because the output of the system
(2.4.6) and input of the system (2.4.5) is different. Therefore we designed the
control block for x; analytically, and a learning controller is applied to control
block for x,.
(a) Design of Control Block for x;.

The control block for x; is derived analytically as follows.

Let us apply a linear feed back controller to the system (5), then the input of

the system, X,, is as following.




Xz = kpxl +kd5c1 ( 247)

A damping ratio of x;, {, is derived by substituting equation (2.4.7) for
equation (2.4.5).

(c1 + myky)

¢ = (2.4.8)

. 2 Jmy (kg +mak,)

Supposing ¢ =¢, and k, =0, a reference value of X, is obtained as follows.

2 —
S 1 (2.4.9)

)

)E2r =~ kdxl ( 2410)

The reference value of x, and x, are obtained from integration of equation
(2.4.10), deciding a constant of integration as 0 to keep the center of vibration

of x5 to the displacement 0, and supposing (2.4.11).

x1 =a(t)sinat, x; = a(t)cosax (2.4.11) 5
Xy, ==b(t)asinwr = kx, (2.4.12) 7_’

k %
X5, = b(t)cosawr = —E‘fz—xl (2.4.13)

B den

e i (2.4.14)

where wis a natural frequency of the main structure, which is measured

practically, a(t) is amplitude of the main structure which is calculated as below.

a(t) = \/xlz +—12-x12 (2.4.15)
@




Equation (2.4.13) and (2.4.14) are constarined by the restriction concerning

x, and u as follows.

Bt} s 4f ™ 2 8l (2.4.16)
b(t) < u;“‘”‘ (2.4.17)
a m2

In the above, the reference value of x, and X, 1s derived as the function of

>

(b) Design of Control Block for x,
The control block for x, is designed with a learning controller using a

layered neural network shown in Figure 2.4.4[7]. It consists of four parts: 1) a
plant, 2) a neural network which acquires a control law by learning, 3) a part
that makes a reference value of output of the plant, 4) a learning mechanism
which makes a neural network learn a control rule using a deviation between a
reference value and output of a plant.

Learning algorithm is shown in the following.

te(t) = ki (1)(x2r — %3) + kg (1) — %) (2.4.18)
back Pr opagation( NN(x(t)), tc(t + 6t)) (2.4.19) 3

where backpropagation(a,b) denotes modification of a neural network with

teaching signal using back propagation method. x denotes the input vector of a

neural network. Usually x contains all state variables.
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Mechanisem
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State Feedback

Figure2.4.4 The learning controller using a neural network

2.4.4 Results of Experiments

The last step of our approach is a learning of a neural network. To demonstrate
the effectiveness of the controller designed by our approach, experiments are
conducted. Through the experiment, the following is used as plant parameters

unless particular descriptions.

k, - 70[N/m], m, : 0.70[kg], ¢, : 0.0[Ns/m]
k, : O[N/m], m, : 0.043[kg], c, : 0.0[Ns/m],
X3max - 0.08[m], u_, :0.35[N] (2.4.20)

A neural network which is used in a learning controller is configured with

four input cells, one hidden layer of 10 cells, and one output cell. A neural

network takes x;, X;, x5 and x5 as input.




(a) Experiment I: Simulation Environment

An experiment in the simulation environment is conducted. After adequate
learning, the main structure is absorbed. The response of the plant is shown in
Figure 2.4.5. x; and X%, have the same phase, which means that equation (2.4.10)
is satistied. The amplitude of X%, is not proportional to the amplitude of X1,
because the control law obtained in the neural network is nonlinear to satisfy
equation (2.4.16) and (2.4.17). x, follows x,, when these have the same phase.
However, in the beginning of the control, the amplitude of x, exceeds that x,,.
Therefore the amplitude of x5 slightly exceeds x3p,., because of the shortage

of learning ability of a neural network.

X1[mm]

d 1/dt[m/s]

x3[m]

x2[m]

Figure2.4.5 Responses of the elastic arm with AMD

(simulation environment) (£, = 0.15).
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x1[mm]

x3[m]

X2[m]

Figure2.4.6 Responses of the elastic arm with AMD

(in the simulation environment, ¢, = 0.15,k, = 5[N/m])

(b) Experiment II: When %, is Not 0.
Although so far it is assumed that AMD that has no spring and damper

between the main structure and the absorber mass, such interference force is
unavoidable in many cases. When ¢, or k, are not negligible, equation (2.4.6)

becomes equation (2.4.21).

m2x'2 = —k2x3 - C2X3 +Uu (24.21)

Right hand first and second terms act as disturbance. To absorb x;, a neural
network must compensate those terms through learning. A simulation experiment

was conducted with
ky = 5[N/m]

After sufficient learning, the main structure is absorbed (Figure 2.4.6).

Disturbance is compensated by the neural network. However, in the beginning
36




of the control, the amplitude of x, exceeds one of x,,. Therefore the amplitude

of x5 slightly exceeds x5 ,,, in the beginning of control.

(c) Experiment III: Control of an Experimental System
- The experimental system is controlled using the network, which is obtained
by learning in the simulation environment. Parameter of experimental system is
the same as equation (2.4.20) except that ¢y =0.01[Ns/m], ¢; = 0.043[Ns/m].
Figure 2.4.7 shows the response of the experimental system. x; is absorbed. %,

and X, have the same phase.

2 O AR RSN S .: .fv..:""""'é' """"""""""""""""""" :_ ............... ——— .ContrO”ed :
bl S T o, e not controlled i

) DR )

X1[mm]
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Figure2.4.7 Responses of the experimental system
(Controlled by the neural network which is trained with {, = 0.44.)




(d) Experiment I'V: Using Three Neural Networks.

In experiment I and II, learning error is not reduced enough because of a
strong nonlinearity of a control law which must be learned by a neural network.
Controller must acquires three different control rules:1) in the beginning of
control a controller adjusts the center of vibration and phase of x, to x,,, 2) in
the middle a controller maintains the restriction (2.4.16), 3) in the last controller
damps x; with {,. To solve this problem, first number of hidden layer cells of a
neural network is increased to 100; however, performance of controller is not
improved. Therefore authors apply a neural network to each part of the control
and conduct an experiment. Figure 2.4.8 shows the response of the plant after

learning. x, follows x;, and |x3| does not exceed x5,y .

Figure2.4.8 Responses of the elastic arm with AMD controlled by three

networks.
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(e) Comparison With a Linear Quadratic Controller.

The controller designed by our method is superior to LQ controller in the
settling time and maximum amplitude of x;.

Table 1 shows settling time of x; and maximum amplitude of x3 when a
plant is controlled by a neural network which is obtained in experiment I and a
LQ controller from initial states are x; = 0.05[m], x3 =0[m]. Here, a cost function
of the LQ controller is defined as follows.

J= f(wlxlz + WXy + w4u2)a’t
Wy == IOO, W= 4, W = 0.9 ( 2422)

Our method achieves a shorter settling time with less amplitude of x5 than
the LQ controller. Increasing w; of (2.4.22), settling time of the LQ controller is |
reduced. However, simultaneously, maximum amplitude of X3 Increases.

Also, when persistent disturbance is applied to the main structure, our
method is superior to the LQ controller. Figure 2.4.9 shows maximum amplitude
of x; when persistent disturbance is applied.

Response of the plant which is controlled by the above LQ controller is },,;-
shown in Figure 2.4.10. x; and X, have the same phase and %, is almost
completely proportional to X;. The LQ controller satisfies equation (2.4.10) that +
1s satisfied by our method. That is to say that the LQ controller and our controller o
have basically the same strategy, except for that our controller changes the ratio
between X; and ¥, to keep a stroke of an absorber mass in a restricted range. In
fact, our controller learning without restriction about x3 and u behaves like an
LQ controller.

This fact suggests that our controller has as much robustness as the LQ
controller. The settling time and the maximum amplitude of x5 vary as shown
in Figure 2.4.11 and 2.4.12 by the fluctuation of ki and ¢, . They show that the
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controller designed by our approach is as robust as the LQ controller. |
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Figure2.4.9 Maximum amplitude of x;
(persistently disturbance is applied to the angle of the rotary axis)
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Figure2.4.10 Responses of the the experimental system controlled by a

linear quadratic controller
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2.5 Conclusions

In this chapter, dividing control method is introduced. A structured controller
introduced through dividing control makes possible a learning control of multi
output system without an exact model.

In an inverted pendulum problem, if a pendulum inclines to right and a cart
is right position from desired position, simple learning algorithm may be at
deadlock, because if they move the cart to the desired position the pendulum
inclines more. If they move the cart to right the pendulum may approach to
upright, but the cart goes away from desired position. It can be said that dividing
control solves this problem by introducing structure in a controller.

As mentioned in section 2.2.2, a priori knowledge is required to divide a

plant. However dividing control require less information than most of conventional

controller.
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Chapter 3

Analytical Design of
Recurrent Neural Networks

3.1 Introduction

As mentioned in section 1.1, a lot of artificial neural networks which have
convergence dynamics or static characteristics have been proposed and studied.
However, neural networks with non-convergent dynamics, namely oscillatory or
chaotic dynamics, have received so far relatively little attention. The main reason
for this widespread disaffection is that the analysis or control of this kind of
networks is exceedingly difficult. As a matter of fact, in most cases, much of the
relevant mathematics is either insufficiently developed or it is too complex to be
useful. For instance, no criterion analogous to the Lyapunov function is known

for the convergence to stationary cycles.

On the other hand, several real neural networks have been modeled and their
dynamical characteristics were analyzed [1][2][3][4][5][6][7][8].These models

exhibit various oscillation dynamics.
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Model of a single biological neuron has been also studied[9][10]. In these

, researches it has been shown that a single neuron has great computation power.

| However, dynamics of those models are too complex to construct networks. In

} fact, a network which consists of a few realistic neurons shows very complex
behavior[11][12][13].

;, In this section, we introduce fully interconnected neural netwérk which

consists time discrete binary output leaky integrator model, i.e., Caianiello-

| Nagumo neuron model [14][15][16][17]. In the following section, an analytical
designing method and convergence conditions are derived[18][19][20]. This

network model can memorize a set of context sensitive limit cycles.

3.2 Recurrent Neural Network 2
3.2.1 Network Model

We assume that time is discrete and outputs of the neurons are binary {0,1 }. pt
The neurons building up the network incorporate a refractory mechanism and
perform the integration of afferent signals. The structure of the neuron model
and its function are illustrated in Figure 3.2.1. In more detail, each neuron
receives two kinds of inputs: namely, inputs from other neurons and externally 2
applied inputs. Incoming signals are weighted, integrated in a leaky way inside
the connection paths, and then summed up. The result is compared to a threshold
and the neuron output is set at 1 if the difference is positive and at O otherwise. 0
The output of the neuron is fed back through a leaky integrator to produce a
refractory period. In this way, the firing of a neuron will be influenced by the
| sequence of its previous inputs and 1ts own outputs, up to the origin of time. By
modeling the leaky integrators with first-order recursive digital filters, the
influence of past signals will decay with time according to an exponential law.
For the sake of simplicity in calculations, although it has no biological foundation, i
it is assumed that the decay parameter is the same for the refractory mechanism

and the integration of the afferent signals. This assumption, however, is not e

7 s
4 = .

Lot
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essential and can be easily removed: the effects of the difference between the

two decay parameters can be incorporated in and attributed to an equivalent

external bias varying with time.

All the units (i=1...N) in the network are synchronously updated as follows:

N k
J(k+1)= ZVUZTU —r)=>w Z —r)—h; | (3.2.1)

j=1  r=0 Jj=1

where y;(h) represents the output of the i—th (i=1...N) neuron at time A
and u;(h) the j—th (j=1...M) external input at time h; v;; is the connection
weight from the j-th externally applied input to the i—th neuron; wy; 1s the
connection weight from the j—th neuron to the i—th neuron; f is the step
function: f(x)=0 for x<0 and f(x)=1 for 0 <x; A is the internal threshold
and T(0 £ T <1) is the decay parameter. The equation (3.2.1) can be equivalently

written 1n the form:

x;(k+1)=Tx;(k +Zvu ui(k)— qu)’] (k) — Zwuy] (k)—h,(1-T)

j=1

yi(k) = f(x;(k)) 6329

Let’s introduce the new variable x;(k) which represents the internal state of

the neuron:

K

M k N
xi(k+1) =Y v Y TTuj(k=r)= D> w; D TTy;(k—r)—h; (3.2.3)
j=1 r=0

j=l1 r=0

The state of the network will be described at any time instant k by the

vector x(k) of components x;(k) with i=1...N.

By setting 7 =0 and M =1, our neural network model coincides with the

Hopfield model. When N =1 and M =1, that is when considering a single
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neuron with a single stimulus, is equivalent to Caianiello-Nagumo neuron model.
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Figure 3.2.1 The neuron model
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3.2.2 Dynamics of Network

Suppose the network is stimulated by a set of M periodic inputs, the minimum
common multiple of which is ¢ (¢g=1): Vm20 w;(d+mq)=u(d)=u;,
(j=1--M,d=0---g—1). Let us order them in a matrix U in such a way that
each row corresponds to an input and each column represents a time instant.

Successive time instants are lined up from left to right.

o o up - g1 )
Upo U1 = Upg-1
Ut A LI
\uM,O uM,l MM,q__1)

Suppose likewise that the network settles into a periodic state characterized
by the generation of N periodic output sequences the minimum common multiplier
of which is p=lg (I2Lp21): Vm=20 y(t+mp)=y;t)=y;,
(i=1---N,t=0---p—1). As for the input sequences, let us structure them in a
matrix Y where each row corresponds to a neuron and each column represents a

time instant. Time instants are lined up in the two matrices.

( a0 SR 5 8 Rl 5 3

Y2, J i ¥ e
> S5 20 21 : 2p

\JINO YN1 " YN,p-1

Matrices U and Y give thus a complete external macroscopic
characterization of the network at any time.

The following fundamental result holds:

Theorem: There exists an initial internal state x(0) of the network such that
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a given set of periodic input sequences U will produce the set of output sequences

Y, if and only if:

Vi(i=1...N):
Vs(s=0...g=1):Li U —h; < I}
or
V(s =0 g=Deliall vk &l
where:
S 1 N\T q
ThE (elY) YUIZt
1— T(i
+ n\T
[+ = :ﬁ(ei J WYIE,, 49
R
; +00 otherwise
1 L e )
-0 otherwise

\

and having introduced the following matrices:

(g U )

( L5 il s S B b R o )
b B b S A
V= 3 : . ¢
\YN1 VN2 " VYNM)
( Wyt Wi eria N )
Wo ke Waa 0 Waom
W= A : 3 .

\WN1 WN2 " WNN

(3.2.4)

fand D)

(3.2.6)

(.30

(3.2.8)



efi is the i-th column of the identity matrix I? of order d and If is obtained

by rotating the columns of the identity matrix in the left direction ¢ times.

Outline of the proof:

I] The necessary condition. 7

Suppose there is an initial internal state x(0) of the network such that under
the periodic stimulation U the periodic output Y will be generated.

It is easy to show by mathematical induction that after (rq + s+ mp) time
instants (wherem>0,r=0---/—lands=0---g—1) the internal state
x;(rg + s+ mp) of neuron i becomes:

x;(rg +s+mp)=T™x;(rg +s)+(1-T™ (US - L2 - h)(3.2.9)

It can be looked at x;(rg+s+mp) as a numerical series of parameter m,
which is monotonous and whose limit, for m — 4o, is:

Crkah e (3.2.10)

Two possibilities arise:

if ¥; mes =1 then Vm >0:0 < x;(rq + s + mp). Taking the limit, then:

0<UF -7 -,

if y; mes =0 then Vm20: x;(rq + s + mp) <0 which implies that
Ul = L% —h; <0

l

Assembling all these conditions and taking the extreme values over

r=0---1—1, we obtain:
Vil =1 N)\Vs(s 20 ) BEsUf —h. < 2 (3211




3

We prove now by reductio ad absurdum that, for a same neuron i, if the
equality sign holds at one side of equation (3.2.11) for some s = s; then it can
not hold at the other side of equation (3.2.11) for any s (including s=s,).
Suppose that for some neuron i there are two indices a and b (eventually
coincident) such that the conditions [¢ = U? —h; and U? — b, = I? are satisfied.
Then there are two indices & and k (hk<1) such that L4+ :i? and
Lf‘”b = E?. Without loss of generality, let us assume that kg +a > hg+b. By
hypothesis, the internal state of neuron { at time hg+b is such that
x;(hq +b)20. It is possible to show that the internal state after (k—h)g +a— b
time instants becomes x; (kg +a) = T* M40y (hg + ). Since Y.(kg+a)=0,
we gather that 0> x;(hg+b) which is incompatible with the condition
x;(hq +b) > 0. We have thus:

Vi(i=1---N):
Vs(s=0---g—1): Af <Ul-h <L
or
‘V’S(S:O---q—l):ﬁf- <U’—h; <[]

II] The sufficient condition.
Suppose at first that the input and output sequences U and Y are such that:

B EETNY

l

for all neurons i=1---N and for all indices s=0---g—1. We build the

following set of internal states:

Xpig = =B =, (3.2.12)

l l

It is easy to check the following properties:
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f(xi,rq+s) = Yirg+s

M N
'k TR viai(k)— Z wiiyj (k)= h(1=T) = X; rgrs4s
j:l ]:1

By setting thus the initial internal state of the network as follows:
x;(0)=x;

The network will generate the periodic output sequence Y when the periodic
stimulus U is applied.

> % ’ . *
Suppose now that for some neurons i € I there are indices s € S; such that:
L <U’ —h <L

l

and that for the remaining neurons we have:
L <U; —h <L
For the former neurons the following values are defined:

0;= Min {Uf - L}1iel"} (3.2.13)

It is possible to show that the output sequence Y will be generated from the

input sequence U when the initial state is set as follows:

u,Q ~ ——L? -0; <x;(0)<0 foriel
x;(0)=x;forig I




where x; o has been defined in (11).

This completes the proof @

This theorem illustrates the relation existing between the stationary dynamical
behavior and the structural parameters of the network, namely the connection
weights between neurons wj;, the connection weights to the external inputs Vii
and the thresholds #; Incidentally, we consider the decay parameter T a preset
constant and the size of the network - N and M - fixed.

Once a specific task is assigned to the network in terms of input-output
mappings to be performed, the above theorem gives the conditions the structural

parameters of the network must satisfy.

3.2.3 Designing Algorithm
Suppose we want to store E different couples of input-output periodic patterns
in the network. We must then find a set of parameters satisfying the necessary

and sufficient condition (4) for all the patterns:

Vf(f=1---E),Yi(i=1---N):

Vs(s=0--q—1): L} (f)SUS(f) - b < L (f)
or

Vs(s=0---q=1):L(f)<U(f)-m <L(f) (3214

e e o e B e e -
Pl O P ) Shera s g = - : Lt > 3 3 y

where f is the index characterizing each one. Actually we also have the
constraints w;; 20, which come from biological considerations. However, in
this general approach we will neglect them. Nevertheless, they can be easily
integrated in the procedure indicated in the following. The system of inequalities

(3.4.1) can be recast as follows:

Vf(f=1---E)Vi(i=1---N),Vr(r=0---1-1),Vs(s = 0---g - 1):

85




N M
(1= Yi,rges (1)) ch( 2 >0 (3.2.15)

(f)

jSl/(

whereby, imposing the strict inequality sign, we decide to discard the solutions
for which the equality sign holds in some inequality of (3.2.14).

Hence the problem of storing specific patterns in the neural network is
mathematically related to the problem of finding a solution of a system of linear

inequalities. Using compact matrices notations, system (3.2.15) becomes:

A-x>0 (3.2.16)

where x is the n-dimensional, with n=N(N+M +1), column vector
representing the unknown  quantities Wi isVik and
hi(i=1---N,j=1---N,k=1---M) and A is the mxn, with m = NEp, matrix of
the corresponding coefficients. The vector inequality a >0 means that each
component of a is non-negative. We call the set S of elements x satisfying the
conditions (3.2.16) the solution set.

Each constraint in the condition (3.2.16) defines an open half space in the
n-dimensional space. The solution set S is the cut set of all these half spaces.
Since all the hyperplanes delimiting the half spaces contain the origin o (with
0¢8S), the solution set S will be either empty or unbounded. Any n-uple of
network parameters w; ;,V;, and k; belonging to S will do for the purpose of
storing the assigned sequences in the network. However, it is essential to guarantee

a global robustness of the neural network and a reasonable insensitivity to
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parameter tolerance. This implies that solutions lying far enough (and eventually

roughly at the same distance) from each hyperplane should be preferred. This
justifies an our decision to discard the solutions lying on the border of the
solution set of the original system (3.2.14).

The solutions of system (3.2.16), whose distance from any hyperplane defining

S is at least b, are also solutions of the system:
A-x2b (3207

where b is the n-dimensional column vector of components b, and vice
versa. It we call S, the solution set of system (3.2.17), we have then: S, <8S.
Moreover, it is easy to show that: S, =@ < S=. Therefore we can use
system (3.2.17) in lieu of system (3.2.16) with the advantage of the resulting
network being more robust.

Many algorithms are known for searching a solution of a linear system of
inequalities in the form (3.2.17). The relaxation algorithm, for instance, is a
very simple algorithm which is known to converge to a solution in a finite
number of steps, if a solution exits at all [21]. Starting from an arbitrary point x,
all the inequalities are checked in turn. Whenever an inequality is violated, the
candidate solution is mirrored through the corresponding hyperplane. The
procedure is iterated until all the constraints are satisfied. The algorithm can be
summarized as follows:

Step 1: set x arbitrarily;

set found to true;

Step 2: for all inequalities (j =0---m) of (3.2.17)

if a,T-x<b then
set found to false;

x:x-2((ajT~x+b)/ajT-aj)aj

Step 3: if found = true then stop
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else repeat step 2;

It is worth noting that the system (3.2.17) -or (3.2.16)- can actually be
divided into N sub-systems, one for each neuron i, independent from each
other. Each sub-system consists of m’= Ep inequalities with n’= N+ M +]

variables. This subdivision leads to shorter computation times.

3.2.4 Condition for Oscillating a Certain Limit Cycle |
Theorem 1 shows the condition of the network for oscillating the sets of
limit cycles. However it does not show the initial state for oscillating a certain
limit cycle. An initial state decides which limit cycle appears when network
memorizes plural limit cycles. In the following, we derive a condition for producing

the limit cycle Y from an initial state x(0).

Suppose that the simultaneous inequalities (3.2.3) is satisfied and network
starts to oscillate the limit cycle Y from the initial state x(0), x(k) is derived

from equation (3.2.1) as the below.

x;(rg+s+mp)=T"x,(rq + x) +(1 - Tmp)(Uf - LT —hi)
( 3.2.18)
if supposing m —> oo then

xi(rq+s+mp)=UiS—-L;qH—-hi £ 3.2:19)

Equation (3.2.18) and (3.2.19) show that the network keeps producing the

limit cycle Y if it generates one period of the sequence.

Suppose that the initial state is x(0) and the network generates the limit

cycle Y from the pattern y(n), the state x(k) is the following.




Ve

x;(0) if k=0
T x;(0)+ (14 T+ + T (T - 1)

Xl k=1  ifk#0
- 2 w,y((j +n)mod p)Tk—l_]
j=0
wi:{wi,l Wi o Wi,N}T
y) ={nk) &) - yy@}F (3.2.20)

Consequently we get the following condition for starting to oscillate the

limit cycle Y from an initial state x(0).

dn(0<n<p):
Vk(0<k<p+1)Vi(0<i<N):
xl-(k)(2yl-((k +n)mod p) - 1) >0
or
x; (k) =0 and 2y,((k + n)mod p) >0 (3.221)

The solutions of the simultaneously inequalities (3.2.21) are the sets of

initial states that oscillate the limit cycle Y.




3.2.5 Condition for Converging in a Certain Limit Cycle
We consider the condition for convergence to the limit cycle Y after sequence
Z of which length is g. Supposing that network produces the limit cycle Y after

producing the sequence Z, the state of network x(k) is the following.

x;(0) if k=0
T x;(0)+(1+T +-+ T* ny (T - 1) if0<k<g
k .
s I8 L B
j=0
k k-1 '
gkl =t Txi(0)+(1+T+---+T )hi(T—l) if g <k
k
b b
j=0
k-1 ot
- Y w;Ty((j +n)mod p)T* ™
L Jj=8
(3.2.22)

Z={z(0) z(1) - z(g-1)}
2(k)={z(k) (&) -~ zy()}

The condition for convergence to the limit cycle Y through the sequence Z

is the following.

dn(0<n<p):
3(Z | a sequence of which lenght is g(0 < g < grar ) :
Vi(0<i<N):
Vk(O<k<g-1):
x;(k)(2z;(k)-1)>0
or
(x;(k) =0 and z;(k) > 0)
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Vk(g<k<g+p+1):
xi(k)(Zyl-((k +n)mod p) — 1) >0
(xl-(k) =0 and y;((k +n)mod p) > O)

(D023

The solutions of the simultaneous inequalities (3.2.23) are the set of the

initial states x(0) that converge to the limit cycle Y through the sequence Z.

3.3 Potential of the Network

As shown 1n the previous section, the designing stage can be achieved in a
straightforward way: once a realizable task has been assigned, it is possible to
choose (and we know how) a set of structural parameters such that the desired
dynamical behavior is achieved. In the following, we shall illustrate some

capabilities of the network and its possible applications.

3.3.1 Capabilities
Example 1

The neural network shown in figure 3.3.1 (7'=0.5) comprises two neurons
(N =2) and has no externally applied inputs (M = 0). Two periodic sequences

with period 4 have been stored in the network:
G 1 0 L i
¥l = d Y(2)=
“(1100)”1 ()(0001)

In terms of the designing algorithm shown above, this corresponds to solving
2 systems of 8 linear inequalities (some of which are redundant) with 3 variables

each.

This example clearly points out the wealth of dynamic behavior, the
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outstanding features of which are summarized below, of this network:

a) An output state can lead to different transitions inside a same periodic

output sequence. This is the case of:

LG

in Y(1) and of:

1 1 1 0
o)lo): o) (1)

in Y(2). Such a bifurcation is impossible in a network without time delay,
where the present output determines univocally the next output. It is important
to keep in mind that in this network, the present output depends on the entire
past history, which is recorded in the internal state variables. This kind of
behavior was expected since it is a distinctive feature of neurons of the Caianiello-
Nagumo type which make up the network.

b) Moreover, same output states can belong to more than one periodic

output sequences simultaneously stored in the network. In the example, the ;x

0 1 g
and
(lj (0) g

both belong to the periodic output sequences Y(1) and Y(2). The generation

outputs:

of the sequences depends on the initial internal state. On the contrary, a single

neuron of the Nagumo-Sato type (with no input) generates the same output

pattern whatever the initial internal state is, once the neuron parameters are
fixed [7-8].
c) Finally, let us consider the output patterns of the two neurons separately.
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Those produced in the case of the periodic sequence Y(2) can be generated by

two independent neurons, that is by two neurons having no connection between
each other, except a common clock for the synchronization. However, it has
been proven that a single neuron can not generate the pattern (1 1 0 0)
present in the bottom row of Y(1) . This is possible only in virtue of the
interaction between neurons.

In order to check the operation of the network, we must run it, starting from

several different initial internal states.

Output of NeuronO

ﬁ Output of Neuron1

st

Figure 3.3.1 A neural network with two neurons

Example 2: memorize three limit cycles

Let’s consider to memorize the following three limit cycles into a neural
network which is composed of two neurons.

A Y—¥0 1 L T
“"ﬂ)l} b‘{o J C‘{o J s

We get the following network parameters from the simultaneous inequalities
(3.2.4).
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Wll =-0.3 Wig = 06 hl = —03
wnq = 0.0 Wyy =0.3 hy =—03 Ry

The relationship between the initial state and the generated limit cycle is
shown in figure 3.3.2, which is denived from the simultaneous inequalities equation

(3.2.22) and ( 3.2.23). The network memorizes equation (3.3.1) and no more
limit cycle.

Example 3: memorize 4 limit cycles

Let’s consider to memorize the following four limit cycles into the neural

network that is composed of two neurons.

1 00 0 N R
Yd:- \Ye: ~
0 0 1 1 T
Y__11010Y_1oooo(333)
F =0 Gty Biptile oA dilflodlie FRE™ 1 i

We get the following network parameters from the simultaneous inequalities o
i
(3.2.3).

Wi1 = -7.5 W= -9.00 hl o 3%
Wy, =3.00 Wy, =450  hy, =—6.30 ( 3.3.4)

The relationship between the initial state and the generated limit cycle is

shown in Figure 3.3.3 which is derived from the simultaneous inequalities equation

(3.2.22). The network memorizes equation (3.3.3) and no other limit cycle.
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Figure 3.3.3 The map of the initial state




Example 4 : shifting between limit cycles by the external input

When the external input remains U, the network keeps the limit cycle that is
decided by the initial state. Conversely, if the external input changes, the network
may shift from one limit cycle to another. The condition for shifting is derived
from equation (3.2.2)(3.2.4)(3.2.9)(3.2.23).

Here we design v that causes a shift of the limit cycle for the network of
Example 1. We suppose that the shift is caused by activation of uy, from Y, to
Y, and from Yy, to Y,. v is designed easily as the following.

v={0.051 0}" (M=1) ( 3.3.5)

The result of simulation is shown in figure 3.3.4. The shift occurs when
activation of u, is kept for a period. The shift does not occur when u, is activated
temporally. The limit cycle shifted by stimulus is remained after the stimulus

goes out.

2! IULUUTUUL U
- LT

Figure 3.3.4 Transition of limit cycles evoked by external input




3.3.2 Performance

Now, let us try to quantify the performance of a two-neurons autonomous
network like the one of Figure 3.3.1. We restrict our attention to the storage of

couples of periodic output sequences.

We have tried to store alternatively other couples with period less or equal
than P,.x =4 and we have found that most of them are not storable. This is
because the number of constraints largely exceeds the number of variables.
However, if the maximum period P, 1s reduced, then the ratio between the
number of storable couples and the total number of couples drastically increases.
Mathematically, to reduce P,,, corresponds to reducing the maximum number
of constraints while keeping the same number of variables. For p =2, all the
couples of periodic sequences can be stored. In this case the variables are
2 X3 =6 while the constraints are at most 2 X 4 = 8.

Given a maximum period P, ,, if we want to increase the number of storable
couples, we must add external inputs, i.e., it is necessary to increase M. In
mathematical terms, this means the addition of variables. Another solution is
represented by the inclusion of supplementary neurons, increasing N. In both
cases however, in order to apply the designing algorithm introduced in the
previous section, complete specifications must be given. For instance, if the
number of neurons is increased, we must set the output patterns of the
supplementary neurons, even though we might be not interested in them. If
external inputs are added, we must set their periodic evolution. In other words,
matrices U and Y must be known. These additional design choices may not be

easy a priori.

3.4 Conclusions

A simple time discrete binary output neural network model is introduced

and 1ts dynamics is analyzed. The neuron model includes features like the
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refractory mechanism and the afferent signals integration phenomenon and is

capable of complex oscillatory dynamics. Designing algorithm for storing
specified mappings between input and output periodic sequences is derived. The
condition for convergence in a certain limit cycle is derived. By studying a basic
example in support of the theoretical results, we have shown that the network is

capable of high dynamic performances. It is thought that model has great

potentialities.
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Chapter 4

Learning of
Recurrent Neural Networks
Using Genetic Algorithm

4.1 Introduction

Global search capability of genetic algorithm is attractive to researchers who
tackle with recurrent neural networks, because a local minimum problem is the
largest obstacle in a learning problem of recurrent networks. Many researchers
have applied genetic algorithm to learning problems of neural networks[1][2][3].
However it is reported that genetic algorithm is often inefficient for network
learning [4]. It is due to incomplete behavior of cross over operator. In network
learning cross over operator often produces weak children, because neural
networks can take various structure for the same function. Genetic algorithm
without cross over operator becomes a simple multi point search algorithm.

Another problem peculiar to networks is that genetic algorithm can not copy

between loci. Binary output networks, such as proposed in previous section,
i




must express a continuous value through population expression. In these situations,
some neurons need to acquire the same or similar functions as others. It is
assumed that continuous output network also needs to acquire similar function
to describe a complex function. However genetic algorithm does not have any
copy function between loci. Therefore networks must acquire the same connection
or function repeatedly and independently.

In this section internal copy operator and inter individual copy operator are
introduced to solve this problem. Internal copy operator is a genetic algorithm
operator which copies a portion of a gene to another part of the same gene [5].
Inter individual operator copies a portion of a gene between individuals. These
two operators are different from cross over operator in the following two points.
First, cross over operator usually exchange half of gene. Contrastively proposed

operators copy only a portion of a gene. Second, cross over operator can not

copy between loci, but proposed operator copies between loci.

e e Y




4.2 Genetic Algorithm for Recurrent Neural Networks

4.2.1 Recurrent Neural Network

Here, genetic algorithm is applied to a learning problem of the following
time discrete binary output neural network model that is proposed in chapter
3[6][7].

M N N
x; (k+1)=Tox; (k) + Y vu; (k) = D wyy; (k)= X wyy; (k) — b (1= T)
j=1 j=1 j=1

yi(k) = f(x;(k)) 4.2.1)

where y;(h) represents output of the i —th (i=1...N) neuron at time 4 and
u;(h) the j—th (j=1...M) external input at time &; v;; 1s the connection
weight from the j-th externally applied input to the i—th neuron; w;; is the
connection weight from the j—th neuron to the i—th neuron; f is the step
function: f(x)=0 for x<0 and f(x)=1 for 0 <x; A is the internal threshold

and T(0 < T <1,in this study T = 0.5) is the decay parameter.

4.2.2 Coding of the Gene

There are two ways to code neural networks in a gene. One way is to
describe production rules of a neural network [3]. This method can describe
effectively various network structure, however it can not describe actual values
of each parameter. Therefore this method is not fit with recurrent networks
because there is no universal learning method for recurrent networks except
probabilistic search algorithm such as genetic algorithm. It is much time consuming
to apply genetic algorithm to individuals produced by genetic algorithm.

Other way is a direct genotype to phenotype mapping where every parameter
of a network is described in gene by binary or a real number. This study adopts

this coding method. Figure 4.2.1 shows the adopted coding. Each locus has
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weight and threshold values of a neuron. Each locus is located in a gene sequentially
in order of logical locus number. In locus, each weight is described in order of
logical neuron number, i.e., i in equation (4.2.1). In this coding, the same
element of each locus describes a connection from the same neuron. For example
the second element of each locus means always a weight value of connection
from neuron O.

It is known that direct genotype to phenotype mapping encounters problems
of scalability[8]. The number of parameters necessary to encode a network
increases exponentially with a number of neurons. Consequently, the search
space also increases exponentially. It is expected that internal copy operator and
inter individual copy operator solve this problem. They can prevent from relearning
of the same function or architecture by utilizing genetic resources effectively.

This aspect will be discussed in the following sections through experiments.

the gene coding

the Locus the Locus the Locus

forNeuron O | forNeuron 1 forNeuron N-1

Lo S

the locus of a individual neuron\\

the value the weight the weight

ofthreshold | between between |
Neuron O Neuron N-1

Figure 4.2.1 The coding of the gene




4.2.3 Genetic Algorithm with Copy Operators

The genetic algorithm composed in this study is illustrated in Figure 4.2.2.

This is standard genetic algorithm except that internal and inter individual operators

are introduced. The following is the detail of a procedure.

1) All genes in the population are initialized with zero.

2) All genes are Duplicated.

3) An operator is applied to each duplication. For each gene, an applied

operator 1s chosen from a set of operators by equal probability.

4) An evaluation value is calculated for each gene with equation (4.2.2).
est = f()(1+ rnd(kn)) (4.2.2)

where f( ) is an evaluation function given by designer.

rmd(k,) is an equally random function whose range is (—k,k, ).

5) Select half of genes for the next generation in order of evaluation.
6) Go back to 2)

At the step 2), all genes are duplicated and only duplications are modified in

stage 3). If genetic operators produce weak descent, a present generation survived

to next generations.

In the step 4), random noise is added to evaluation values. This noise is

supposed to help to keep diversity of population. In this study, if there is no

particular description, k, = 0.1.

In the step 3) of the above algorithm, as a set of operator, we used some of

the following four operators, the Mutation, Cross over, Internal Copy and Inter-

Individual copy operators. These operators are illustrated in Figure 4.2.2.

(a) Mutation:

This operator modifies each element in a gene with probability m
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according to the following equation (Figure 4.2.3 (a)):
Aw = md(k,) (4.2.3)
where Aw is the quantity of modification of each parameter, and rnd(k,,)

is an equally random function whose range is (—kw,km) :
(b) Cross Over:

This operator is a standard two-point cross over operator (Figure 4.2.3 (b)
). However, in this study, only a duplication gene;is modified. The concrete
procedure is the following. First a parent gene is chosen from original gene
by random number and it is divided into two parts which are same length
by two points cutting. Then one of two parts is copied to the same locus of
a duplication gene.

(c) Internal Copy:
This operator copies a consecutive block of loci to another portion of the
same gene. A source and destination are chosen by random numbers. The

length of a copied locus block is decided as follows.

locilengh = Rnd(NB) (4.2.4)
or
locilengh = NB (4.2.5)
where Rnd(NB) is an equally random integer function which range is
[1, NB].
(d) Inter-Individual Copy:

This operator copies a consecutive block of loci as same as internal copy.

A T T B YERRE T R R

However a source gene is chosen from the original genes.

Each operator will be denoted in the following section by ‘M’, ‘C’, ‘IC” and

‘II’. The combination of operators will be expressed by ‘+’. For example ‘M+IC’

means the combination of mutation and internal copy operator.




Initialize genes

Training genes ( repeat untilperformance is high enough )

Duplicate genes

Apply the GA operators to each gene
o ( repeat for all duplicated genes )

Choose one of the
followingoperators and apply

Mutation Internal Copy Cross Over l

Select half of genes in order Inter Individual Copy
ofperformance

Figure 4.2.2 The genetic algorithm with copy operators
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Figure 4.2.3 Genetic algorithm operators




4.3 Application of GA with Copy Operators

In this section several experiments are done to clarify performance of the

proposed algorithm.

4.3.1 Excitation of Dynamical System

In first experiment, a neural network is connected to a vibration system. The
goal of task is to increase amplitude of a vibration system. Figure 4.3.1 Illustrates
this experiment. Excitation of a vibration system is simple problem, but one of
essential tasks on a dynamical system. In this experiment a recurrent network is

required to acquire a limit cycle which has an appropriate period.

(a) Experimental system

The vibration system is defined in equation (4.3.1),

1 1 0

t+1)= 1)+ t
e Y (—0.9 0.7)‘13( ) (3/2)“0( )
Ya®=(1 0)q,@) y A

The input of system (4.3.1), u,, is defined as the function of states of a
recurrent network as follows.
N

net, .= .Z y]-(t) (4.3.2)

J=1
u, ()= N-5/6 (if net, , >N-5/6)

(netout) (if N-5/6> net, . > N/6)

N/6 (f N/6> net (4.3.3)

out)

Note population coding is adopted here for the coding of u,. Therefore the

network can take lengthy expression (equation (4.3.2) (4.3.3)). The evaluation
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function is shown in equation (4.3.4).

fq =max(y,)—min(y,) (4.3.4)

Equation (4.3.4) is a function of time development of equation (4.3.1). All

networks are initialized with equation (4.3.5) before evaluate equation (4.3.4).
q={0,01) x;=0 {i{IN/2+1<i<N} (4.3.5)

The population size is 24. The parameters of the network are decided as

follows:
NB=3, “N=12 (4.3.6)

Length of a copy block is decided by Equation (4.2.5).
Recurrent network is trained with (M+C), (M) and (M+]).

recurrent network vibration system
(oA st Lo illbison )

the sum of neural activities
N 77777

Figure 4.3.1 An excitation problem of a vibration system




(b) Results of experiments

After enough learning, the recurrent network acquires the limit cycles which
excites the vibration system. Figure 4.3.3 shows the limit cycles acquired by a
network through 200 generations learning with mutation and internal copy
operators. The limit cycles acquired by the networks is similar to the optiinal
solution, bang-bang control: period of the limit cycle is as same as the
eigenfrequency, and it forms rectangular wave. In stead of equation (4.3.2),

equation (4.3.7) is also available as the way of population coding.

net,, = net, — net,
i=N/2-1 N
net;= Xy, ~ nety= Ly (4.3.7)
j=0) i=N/2-1

The recurrent networks acquired a limit cycle which similar to optimal
solution again with the coding (4.3.7) (Figure 4.3.4).

Figure 4.3.2 shows the comparison of evaluation values at 200 generations.
Average, maximum and minimum values through 5 experiments are plotted.
Clearly, the case using mutation and internal copy is superior than others. It
suggests that internal copy operator accelerates learning of recurrent networks.
Contrastively the case using (M+C) is as same as the case using only (M).

To know the reason why internal copy accelerates learning, it is investigated
that which operator is dominant through learning. Figure 4.3.5 and 4.3.6 shows
the how many population were produced by each operator. In other word, it
shows which operator produces a superior offspring through learning. The sum

of offsprings produced by each operator is less than populations, because the

genetic operations often made weak offsprings and previous generations survived.
When (M+IC) is applied (Figure 4.3.5), mutation is dominant in the beginning
of learning. Internal copy operator is comparatively active in the middle of

learning. End of the learning, nothing works much. When (M+C) is applied
82
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(Figure 4.3.6), mutation is dominant in the beginning of learning and cross over
operator dominant in the end of learning.

When (M+IC) is applied, what acquired in network at each generation is
shown in Figure 4.3.7, 4.3.8, 4.3.9 and 4.3.10. Left column of these figures
shows a response of a network. Right column shows graphical representation of
weight matrix of networks: where z axis means strength of weights, x and y axis
means sources and destinations of connections. At fist, almost all elements of
weight matrix are zero. Responses of networks are flat. In the beginning of
learning, some parts of weight matrix are modified by mutation and a part of
network begins to oscillate. In the middle period, repetitive structure appears in
weight matrix and networks oscillate entirely. End of learning, a weight matrix
loses repetitive structure slightly, and responses of networks approximate the
optimal solution. Those phenomena will be interpreted roughly as follows.

In the beginning of leaning, mutation operator works hard and finds out a
fragment of an oscillative structure. In the middle period, internal copy operator
copies it to entire network. The duplication of a fragment makes repetitive
structure on weight matrix. Then the network oscillates entirely. End of the
learning, the network acquires quasi optimal solution by mutation. The above
interpretation explains that why internal copy operator can accelerate the learning.
In the middle period, networks seem to have redundancy. However, at the end
period, quasi optimal solution is acquired by mutation.

On the other hand, when (M+C) is applied, after the middle period of
learning, the population often lost diversity. This is one of the reason that why
cross over operator produced so many offsprings. Because if all populations are
same or similar, offsprings produced by cross over is not different from their
parents. This inconvenient might be caused by a small population. A large

population may be activate cross over operator. However large population takes

much computation time.
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Figure 4.3.2Evaluation values after training.
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Figure 4.3.7 Response and network structure just after the start of learning.

Left column: Response of the networks. Right column: graphical representation

of weight matrix of the networks. Z axis means strength of weight.
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Figure 4.3.8 Response and network structure in the beginning of leaning.

Left column: Response of the networks. Right column: graphical representation

of weight matrix of the networks. Z axis means strength of weight.
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Figure 4.3.9 Response and network structure in the middle period.
Left column: Response of the networks. Right column: graphical representation

of weight matrix of the networks. Z axis means strength of weight.
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Figure 4.3.10 Response and network structure at the end of learning.
Left column: Response of the networks. Right column: graphical representation

of weight matrix of the networks. Z axis means strength of weight.
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4.3.2 Learning a Set of Limit Cycles in a Network.

In this section, the recurrent network is applied to an excitation problem of
two vibration systems (Figure 4.3.11). The network is connected alternatively
with one of two dynamical systems that have a different natural frequency. The
object of this problem is to acquire the network that excites both dynamical
systems.

This problem is more difficult than simple excitation problems described in
previous section, because in this problem network learning is suffering from
sever local minimum area. For example, Assume that a network acquires the
limit cycles for a certain vibration system. Then if the network is trained for

other vibration systems, it forgets something about first vibration system in the

most of cases.

(a) Experimental system

One of two vibration systems is defined in equation (4.3.2) (4.3.3) and
(4.3.4). Other is defined in equation (4.3.8) and input of the system is defined as
equation (4.3.3) and (4.3.4).

I 0
¢ +1= (—0.3 o.7jqb(t) i (o.sj”a ®
yp(®=(1 0)qp () (4.3.8)

The network detects which dynamical system is connected from an external
input: if external input has values 1, the system (4.3.2) is connected. If external

input has value 0, the system (4.3.8) is connected. The evaluation function is

equation (4.3.11).

Je =max(y,)—min(y,) (4.3.9)
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Jp = max(y,) —min(yp) (4.3.10)
Fa=didy * (4.3.11)

Learning conditions were as follows:
NB=3,): N=12 (4.3.12)
Length of a copy block is decided by equation 4.2.5. Recurrent network is

trained with four sets of operator: (M+C), M) ,(M+IC) and (M+II). The population
size of GA was 24.
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initial condition II
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W}m activities §

recurrent network
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Figure 4.3.11 An excitation problem of two dynamical systems




_(b) Results of experiments

The network acquired two limit cycles through training (Figure 4.3.12,
4.3.13). Each vibration system reacted actively. The acquired limit cycles were
similar to the optimal solution.

We made experiments using M, (M+C), (M+IC) and (M+II), respectively,
to compare each other. Figure 4.3.14 shows time course of evaluation values.
Figure 4.3.15 shows estimation values at 500th generation for each case. The
cases using (M+IC) and (M+II) are clearly superior the case using M and
(M+C). In the cases using (M+IC) and (M+II), the recurrent network could
acquire two limit cycles for two vibration systems. However, the network could
not acquire two limit cycles in the other cases.

Figure 4.3.16,4.3.17, 4.3.18 and 4.3.19 show the time course of the evaluation
value of a lineage for the case using M, (M+C), (M+IC) and (M+II). In each
figure, vertical lines indicate generations made by C, IC or II operator. The IC
worked effectively (Figure 4.3.6). The most of generations made by IC were
improved their evaluation value from their ancestors. Though IC rarely decreased
the evaluation value, the performance was quickly recovered by IC itself. Likewise,
inter-individual operator improved the evaluate value (Figure 4.3.7), although
the learning speed was somewhat lower than the case applied IC. It means that
the internal copy contributed more than the inter individual copy in this task.

However, cross over did not work effectively. Although many generations
made by cross over, they hardly improved their evaluation values. For instance

the learning speed in the case using (M+C) was nearly equal to the speed of the

case using only M.
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Figure 4.3.12 The limit cycle acquired in a network ( for system 4.3.1).
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Figure 4.3.14 Time progress of evaluation values through learning.

(Lines for mutation and mutation + cross over overlap mostly each other.)
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Figure 4.3.15 Evaluation Values at 400th generation
M: mutation. M+C:mutation and cross over .

M+IC:mutation and internal copy. M+II: mutation and inter-individual

copy.
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Figure 4.3.16 Time course of an evaluation value of a lineage when mutation
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Figure 4.3.17 Time course of an evaluation value of a lineage when mutation

and inter individual copy are applied. Vertical lines indicate generations

generated by inter-individual copy.
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Figure 4.3.18 Time course of an evaluation value of a lineage when mutation

and cross over are applied. Vertical lines indicate generations generated

by cross over.
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Figure 4.3.19 Time course of an evaluation value of a lineage when mutation
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Figure 4.3.20 The network structure acquired by mutation operator. Only

major connections are written. There is no apparent structure in network.

Figure 4.3.21 The network structure acquired by mutation and internal-
copy operators. Only Major connections are written. A few neurons
(hatched) are specialized in switching two limit cycles and keeping a

network synchronization.




4.3.3 Structure Acquired by Copy Operators

The learning ability was drastically improved by the IC or II operator. For
example, in the case using IC or II, a network could acquire two limit cycles
although it could not in the case using only mutation. To know the reason of
this, we investigated structure of the acquired network. Figure 4.3.20 and 4.3.21
shows the example of major network connections of a network after learning.

The network has no clear structure when using only M (Figure 4.3.20).
Contrastively, the network had characteristic structure when it learned through
(IC+M) (Figure 4.3.21). A few neurons had strong connections to the others. It
means that neurons could work as the pace maker of the network. They also
have major connections from the external input. That is useful to change the
oscillation mode in corresponding to external signals.

In short, structure was organized by internal copy operator and that structure

accelerates the learning of the recurrent network in this task.

4.3.4 Swinging up of an Inverted Pendulum

The following application is a control problem of an inverted pendulum
(Figure 4.3.12). Here, control objects are to swing up a pendulum from bottom
position and keep it at top position. If system structure and system parameters
are available, this control problem is easy. However, it becomes a difficult
problem when assuming that system structure is unknown and non-teacher is
available. Here, only the angle of a pendulum is controlled. Namely cart position
1s ignored. And yet, it is difficult task because it includes two behaviors which
have different characteristics: swinging up by excitation and stabilization at

unstable point.

(a) Experimental system

The following are the equation of motion of an inverted pendulum system

9¢




and parameters which are used here.

M5 +mL6cos8 — mLO? sinf + Ci = u (4.3.13)
mLx cos6 + J§+ pO — mgLsin6 =0 (4.3.14)
m:0.015[kg] L:0.12[m]
J:2.58x10*[kg-m?] p:0.62x10 ™ [kg-m2/s]
M : 0.625[kg] C:13.6[Ns/m]

72

0

Figure 4.3.22 An inverted pendulum system

The manipulated value u is calculated as follows.

N
net, .= 'Zlyj(t) (4.3.15)
J:
u(t)= N-5/6 (if net, . >N-5/6)
(netout) (if N-5/6>net0ut >N/6) (4.3.16)

N/6 (if N/6>net,,,)

Learning conditions were as follows:
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NB=2, N=12 (4.3.17)

Instead of 6, sin(6) and cos(6) are given to a network as external input.

The following are an evaluation function.

- _[0-l) itli<02 | 8
P 0 others 4

Fsw(80) = (7 — min(B)+ [ fdr {6,£16(0)=6,,0<r <10} (4.3.19)

The above evaluation function is very simple, although it is a little complicated
by formula expression. In equation (4.3.19), the first term of the right part
evaluates how much a pendulum is swung up, and the second term evaluates

how long a pendulum is on top position. fygives the initial value of 8.

(b)Results of experiments
First genetic algorithm with mutation operator and internal COpy operator is

applied to the recurrent networks with equation (4.3.20) for evaluation.

f = foy(=0.10) + £,,,(0.10) (4.3.20)

Through this evaluation function, the network stabilized the pendulum at top
position after enough learning (Figure 4.3.23). Moreover, using the following
evaluation function, genetic algorithm is applied to the network which already

learn how to stabilize the pendulum at the top.

f = fow () + £, (-0.10) + £,,,(0.10) (4.3.21)

Then the network acquired the way of swinging up and stabilization at the

same time (Figure 4.3.24).
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Figure 4.3.23 Response of a pendulum

time[s]->

Figure 4.3.24 Process of swinging up
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4.3.5 Application to Large Scale Problems

In this section, proposed genetic algorithm is applied to some large scale
problems in comparison with previous sections. Scale problem is important
problem to be solved as same as a local minimum problem. Here, simple excitation
problem reappears with a network consisting of 64 neurons and 4096 connections.
Moreover, a network consisting 128 neurons and connections over than 16000

is applied to an excitation problem.

(a) Experimental system
The vibration system is defined in equation (4.3.1). The input of the system
(4.3.1) is defined in (4.3.2). The evaluation function was equation (4.3.4). The

system 1s initialized with equation (4.3.5) before evaluation.

The population size of GA is 24. The parameters of the network were

decided as follows:
NB=24, N=64 (4.3.22)

Length of a copy block is decided by equation 4.2.5.
Recurrent network is trained with three operators: (M+C), (M) and (M+IC).

(b) Results of experiments

Figure 4.3.25 shows the response of a network after 500 generations learning
with mutation and internal copy operators. The output of the network was
similar to the optimal solution, the bang-bang control. It has the same frequency
as the natural frequency of the dynamical system.

We made experiments with M, (M+IC) and (M+1I) operator, respectively.
Figure 4.3.26 shows the time course of evaluation values. The learning was

accelerated in the case using (M+IC) or (M+II) in comparison to the case that
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used only M. We also made experiment using (M+C). However, there was no

significant difference in the learning speed between the case using (M+C) and
the case using only M.
We made experiments with networks which 128 neuron with the following

conditions. -
NB=48, N=128 (4.3.23)

Figure 4.3.27 shows the response of a network after 500 generation learning
with mutation and internal coy operators. The output of a network approximates
the optimal solution. In this experiment number of connections is 100 times
than the experiment in the section 4.3.1. As so far it is shown that internal copy

operator 1s available for a kind of large scale problem.
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103




,,,,,, Bt Bl e B DL S i L S S S R e S B S SR e )
...... | BCIESINCIR RIS MR X R W W RS e N SRS S AN S O S
...... @--————-@0-—--8--0-———————-0-6-0---0-0-@—-—_00-0 - -00--0-0--00--000---0--0———@—————0-0-0-0-—— 00— _0__0-0————0-@
@---0-0-0---@--00---00--@-0--0---00-0-0--00-0-0-0-- 0000 -00-00-00-0000000--00--0-0--@0---600-0-6-00- 000000000

@@x@@@@a@@u@@ 0000--000-Caaaaa- @@g® @@@@@@@ @@@@u@@@@@@@@ -00000-2-00000000a- -000-0-00- @@@nlt@@@@@ @g@ @000 --0a0-0a00 - - -0aaa

1000080000_0000..0. 0000000 000000
Q- _00-0- P @00000000 0000 -0 000000000008
00000_0000000-00-— 00000008000 @@:@@@@@@:@@@@@@@@@@8@@,@@@-@}@,-L@@@@,@@@,@@éé@@-@@@x@@-@,@@@@@@-@@@-(@:@%@@@l@@@--@

0000--000000- -00- - -0-0-00000@-@-@ - ---6000----00000-00 000000000 -0---0000-—00-0- 0000000 -00-— 000000000 _000-0-00—--@
--00--@---0--Q0---@---@0-—-@---@-----000- - -00---00-000 - —-000-0--0--00-@--00-0--0-000-0—- @3- --000-0-000 -0 Q00— -00---Q
R N @00 00— @-----000-—---00---0--@0—————_0-0--0—-—00-———0——-@--0-G00—————— N @@---0-0-————Q0-————@———-
RN - i 0 OB ot gt Q@@ S S W S N M B 000 Q0@
.............. | SRS L RN S SR I e | RO SRS SIS L I PR S & SR DI
...... HRESI SIS SO LRI ¢ B D Sawedt TSR L L GF AT O S S S R
...... _ CIR RS S LSS NS S SR R R 5 Sl R S TR SN
...... 0 @8- —@--0@-———————-0-0-0---0-0-0- 000 _--00--0-0--00--080-—-0-—0———-@—————-0-0-0-0——— 00— _0-_0-0————_0-@

@---8-8-0---0--00---00--0-0--0@---@0-0-0--60-0-0-0---00-0-0- - -00-00-00-0000000 00— -0-0—-0—0-—--000-0-0-00--00-- @000 —_00-0
03-0000000-00- 0000--000-GAAB000- 080080100000 - -0000-00000000--00000-0- 0000000 -650-0-60- 000----00000- 0800-0300-000-0000 0000

@@@@@ @@@@@@@ugui@ 00E0AeEaaa- @@M@@@g@ué@@@@@l@@@g@@@ @e0- ® éni@@@@ @@@

@0-0_000-000-00-0--000000-000-—0——000000-000-_@
000000000 - -00 - --@-0-000008-@-0 - - -6000----00000-00-00000—00Q-0 --0---0000--00-0--0-000-000-00-- - 00000002 Q000000
~-00--@---@0--@0---@---Q0---@~—-@—---000- - - -00- - 0000000000 --00-0--00-C--0-000-0-—--00-—-—-000-0-000- -0 000000
7 S N 1 @---—-000-——-@0---0--@0-—————0-0--0——Q0-———0——0-—0-000———— - B @0--0-0-—————00—————@——-
e e ] MR L e R A N Y S @--—-0--0 -0 Q0 TS 000 Q0@
.............. TR BRI T s AN N TR RS NSRRI o 1 SR S
...... RTINS SRS R SO T L e T R 5 RO % S SUONe Wy
...... O MO — N SO— N S— N S— W 7 S—— N W S S W W, S W
@ @0-——@--@———————-0-0-0---0-0-C—— 000 _00--0-0--00--000---@-0———-0——————0-0-0-———@0——-0--0-0————0-0
@---0-0-0-—-0--00---00--0-0--0-—-60-0-0--00-0-0-0---00-0-0——-00-00-00-0000000--00-—-0-0--@-0- - --000-0-0-00--00- 0000000

@0@-@0000ad-00-000a--000-0eeieaa-e00e0-eeeetea-aree-0r00anea- -0taee-0-0e0eeena- -0 -2 -00-000- - - -00000-08RA-00A0 - -00A-000A - - 000
@@0060aI0ae0a-a000-000a-00Tieae-0e0er0rreaEreaante -0eerieae-0eer0e-0-0a000Tneaalee -2- 60 -0a0-GEeAAEEEARe -CRAR -A00A-QaE0 - AAARAA

>

Time Progress

Figure 4.3.27 Response of a recurrent network
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4.4 Conclusions

In this chapter, genetic algorithm with internal copy operator is proposed for
recurrent network learning. The effectiveness of copy operator is shown in
comparison with cross over operator concretely. Internal copy operator accelerates
learning by copying some functional blocks and making an appropriate structure
in recurrent network. Internal copy operator also makes possible a genetic
algorithm learning of large scale networks.

Inter individual copy operator is also proposed. Inter individual copy operator
also accelerates learning, but it is less effective than internal copy operator. This
reason 1s that ineffective copying increases because individual copy operator
coples between various genes.

In this section, size of a network was invaluable. It is possible to extend
copy operator for size valuable networks by changing the length of source and

destination in copying.
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Chapter 5

Summary

The aim of this thesis is to represent results of my works on design of

recurrent neural networks. This thesis is summarized as follows.

The backgrounds of this study are described in chapter 1.
The outline of this thesis is also illustrated.

In chapter 2, dividing control is proposed to develop a design method of a
neural network learning controller, because conventional learning control method
can not be applied to a multi output plant when an exact model of a plant is
unknown. In a multi output problem, generally, it is difficult to design an
appropriate teaching signal since a manipulated variable influence many output

values.

First dividing control is introduced through an application to a linear system.
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If plant is written by a linear simultaneous equation, a plant is rewritten in the

following form:
1. Only one system has an original manipulated variable as input.
2. The other systems have an output of another system as input.

Then conventional learning controller can be applied to each system. I named
this process dividing of a plant and each divided system is called a sub-system.
It is derived that if a plant is linear and linear feedback is applied to sub plants,
then constructed controller is equivalent to a feedback controller applied to the

original plant.

Dividing control is applied to a stabilization problem of an inverted pendulum.
An inverted pendulum system is divided into two second order lag systems by
the above procedure. A neural network learning controller with a reference
model is applied to each system.

Dividing control is also applied to a control problem of an active mass
damper. The control system is divided into two second order lag systems. In this
case, two sub systems have very strong interference between two. Therefore one
sub system is controlled by the nonlinear controller based on apriori knowledge.
The other one is controlled by a neural network learning controller. After learning
non-linear controller is acquired in a neural network. The acquired controller
has robustness as same as a linear controller. Its performance is superior to

quadratic optimal linear controller.

As so far, dividing control makes possible a non-linear learning control of
multi output system. In other word, dividing control extends the application
domain of learning controller to complex systems where plural systems interfere
with each other. The function which is acquired by each network is simplified in
comparison with the case where a plant is controlled by only one network. In

theory neural network can map any function. However convergence of
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backpropagation algorithm is not guaranteed. Therefore simplification of acquired

function is very important.

In chapter 3, a time discrete binary output recurrent neural network is proposed,
analyzed and demonstrated, because layered networks can not deal with temporal
data.

First, it is mentioned that teaching algorithm has not been derived for almost
networks consists of realistic neuron because of mathematical difficulty.

The authors notice Caianiello-Nagumo neuron model, a time discrete binary
output simplest leaky integral neuron model, because it has brilliant computation
ability in spite of its simplicity. For example, it can produce a pulse sequence
with arbitrary firing rate by only one neuron. A fully connected recurrent network
is constructed from Caianiello-Nagumo neuron model. The constructed neural

network model is also extension of Hopfield network.

One of the most important characteristics of proposed networks is that it has
broad tolerance to keep oscillation of a certain limit cycle or to convergence to
a certain limit cycle, because a neuron consists threshold function, and output of
a neuron is not change until internal state crosses a threshold value. This
characteristic is very helpful for memorizing of limit cycles.

Based on this stability of networks, the condition for embedding a set of
limit cycles is derived. From this result, the algorithm that decides the parameters
of networks which memorize a set of limit cycles. Moreover the condition to
converge to a certain limit cycles and the algorithm which decides state spaces
in which the network converges to a certain limit cycle are derived.

Some set of short limit cycles is embedded in two neuron networks for
demonstration. Then it is shown that network can memorize a set of context

sensitive limit cycles. Moreover network which transfer between limit cycles

according to external input is designed.
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As so far the fully connected time discrete binary output network which

consists of leaky integration neurons is proposed, analyzed and its analytical
design method is derived. The theoretical designing algorithm is derived. It is
also shown that the theoretical algorithm is not available for embedding of
complex limit cycles. It is clear that networks require hidden neurons for complex
limit cycles and no method is established to deciae behavior of hidden neurons.

Therefore, in chapter 4, learning of recurrent networks using genetic algorithms

1s described.

In chapter 4, the genetic algorithm with internal copy operator is proposed.
There is no way to design the proposed recurrent networks, although it has
excellent expression capability. Most difficult point of recurrent network learning
is that search space is very large. Genetic algorithm has the advantage that it can
search broad search space. Therefore genetic algorithm is applied to recurrent
network learning.

First, it is described that the inefficiency of conventional genetic algorithm
on neural network learning. That reason is that cross over operator does not
work. Since neural networks can take various structure for the same function.
Therefore the authors propose a genetic algorithm operator, internal copy operator,

which copies a portion of gene to other part of the same gene to accelerate

network learning.

Genetic algorithm with internal copy is applied to some learning problems.
In the first experiment, the goal of the task is to excite a vibration system.
Vibration system is driven by a total active neuron number of a recurrent neural
network. Recurrent networks are trained with mutation operator, mutation and
Cross over operator, mutation and internal copy operator, respectively. After

learning, recurrent networks acquire a quasi optimal solution, bang-bang control.

Internal copy operator accelerates network learning. This experiment shows that
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how internal copy operator works effectively. The authors investigate the

relationship among generation, which operator produces children, weight matrix

of networks and response of a network. The authors conclude the role of

internal copy as follows. In the beginning of leaning, mutation operator works

hard and finds out a fragment of oscillation structure. In the middle period,
internal copy operator broadly copies it to whole network. The duplication of a
fragment makes repetitive structure on weight matrix. The network oscillates
entirely. End of the learning, the network acquires quasi optimal solution by
mutation.

In next experiment, the goal is to excite a set of vibration system which is
connected alternatively to recurrent networks. In this experiment, a recurrent
neural network is required to acquire two limit cycles for two vibration systems.
In this problem, network learning is suffering from local minimum problem.
Assume that a network acquires the limit cycles for a certain vibration system.
If the network is trained for other vibration systems, it must forget something
about first vibration system, in the most of the case. In this experiment the
authors introduce inter individual copy operator and compare with internal copy
operator. Inter individual copy operator copy a portion of gene as same as
internal copy operator, but it copies from another gene. The network is trained
with mutation operator, mutation and cross over, mutation and internal copy,
mutation and inter individual operator. In this experiment internal copy operator
1s superior other operator again. Especially the case using only mutation, mutation
and cross over operator could not acquire two limit cycles in the almost case.
This 1s because that internal copy operator makes network structure where some
neurons have function as pace maker and many other neurons have strong
connections between this neuron. Inter individual copy is superior cross over
operator but inferior than internal copy operator.

In the next experiment, the goal of the task is to swing up the inverted

pendulum from bottom position and keep it on upright position. Cart position is
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ignored. In this experiment, a recurrent network must acquire two behaviors

which have different characteristics, and must output consecutively. After enough

learning, a network achieves the goal.

A large scale network is trained. First network with 64 neuron, more than
4000 parameters is trained for an excitation problem of a vibration system.
Networks acquired quasi optimal solution easily. Here again internal copy operator
1S superlor to cross over operator in learning speed. Inter individual operator is
superior to cross over operator, but inferior than internal copy operator. Moreover
networks with 128 neuron, more than 16000 parameters is trained for a stabilization

problem of an inverted pendulum. Here, cart position is ignored.

As so far, internal copy operator accelerates genetic algorithm learning of
recurrent networks in the following way. Fist it copies function block acquired
by mutation operator to other part. Second it constructs structure and that makes
possible acquiring of a set of different temporal sequences. Moreover, it is also

effective for large scale problems.

However it is sure that internal copy operator is not universal, because what
is required is depend on a task and what is acquired is depend on the coding of
gene and what is copied by copy operator. Therefore it is important to modify
coding and copy operator according to tasks. Most universal way 1is to code a

way of copy in a gene.

Consequently, in this thesis, the dynamical control by dividing control, the
dynamic recurrent neural network model and its designing method are described.
Dividing control makes possible to control complex systems by layered networks.
The proposed network model is theoretically analyzed and it is shown that the
network has excellent capability. Proposed genetic algorithm is superior to simple

genetic algorithm on learning speed, and it makes a training of large scale

networks easy. This network and algorithm will be effective to realize dynamical
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robot control in the real world.
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