
Neural network assignment

Abstract.

1 Control Part

We designed three controllers using different methods : Direct Inverse Control,
Feedback Linearization and Optimal Control.

1.1 What we can do with neural network

Neural network means a set of neurons connected each other. Each connection
has a value called “weight”. Appropriate weights can simulate an arbitrary
system in a certain definition range.

In order to determine weights, some training methods are used. First you
need to prepare a function called “criterion”, which shows how the set of weights
fits to the real system. With a training method, such as Gauss-neuton method,
the set of wights is improved to minimize the critetion. However if the criterion
has many local minima, it takes long time to get the weights which give true
minimum. Thus neural networks should be used in the most important part.
That also helps make the problem simple.

1.2 Methods

1.2.1 Inverse Model

The basic idea of this model is to utilize the “inverse function”, which returns
a control signal from reference and real signals. Several past values are used in
the function: the number of past signals is called “index”.

When original system is described as below:

y(t + 1) = g(y(t), .., y(t− n + 1), u(t), ...u(t−m)) (1)

then we try to calculate inverse of this:

û(t) = ĝ−1(y(t + 1), y(t), ..., y(t− n + 1), u(t), ...u(t−m)) (2)

The original function is called “forward system”. The estimation of the for-
ward system is already done in the previous chapter. A rough inverse function
can be obtained without a system identification, but in most case it is not satis-
factory. To obtain a better inverse function, specialized training with estimated
system model is used.

The initial value of weights are selected randomly, so the result differs be-
tween each trials. Sometimes the system falls into local minima, or explodes



completely. Thus, the training must be performed many times with the same
parameters.

Here, the process is described as follows:

• Estimate the system

• Perform a general training and get a rough inverse model

• Improve the model with estimated system

1.2.2 Feedback Liniearization

In this method, a control fuction is developped with u(t + 1) and aploximated
linearly. Then it is described as follows:

ŷ(t) = f(y(t−1), ..., y(t−n), u(t−1), ..., u(t−m))+g(y(t−1), ..., y(t−n), u(t−1), ..., u(t−m))u(t−1)
(3)

We have two systems to configure: f and g. Here, the charastristic polynom-
inal should be specified. It is the same one as what is used in Pole Placement
Method. By changing the polynominal, stability or tracking performance is
improved. However the default polynominal works for most of the cases.

This method does not use system estimation, so at the starting point the
value can have a little vibration. A well designed model with the system esti-
mation are supposed to achieve better performance.

1.2.3 Optimal Control

In Optimal control model, the structure is almost the same as direct inverse
control model. However, a little modification is done with its criterion. We used
this model just the same way as direct inverse control: it is shown below.

• Estimate the system (forward model)

• Perform a general training and get initial model

• Improve the model with estimated system

1.3 Experiments and Results

We treated the data as sampled every 0.2 seconds, scaled to mean=0, varia-
tion=1. The purpose signal is a square wave having amp=1, freq=0.1Hz, which
means the phase changes every 50 samples.

The machine spec we used are shown in table 1.



CPU RAM Matlab OS
Celeron 2.2GHz 512MB 7.1 Linux 2.4

Table 1: The Machine Spec

1.3.1 Direct Inverse Control

We used function “general” to get the initial inverse model, and improved it with
“special2”. We had to try many times with this method, since the results were
easy to explode or to fall into local minima. The result we usually obtained was
high-frequency vibration or almost flat one. It seems that the vibration occurs
more often when the model is more complicated. Therefore we could not get
any good results with the model estimated in the previous section —- which has
[5 5 1] indices and 21 neurons.

Still, some favorable results are obtained with a simpler estimation. The
parameters are shown in table 2.

Method Indices NetDef(forward) NetDef (inverse)
NNARX [2 2 1] [’HHHHHHHH’; ’L——-’] [’HHHHHHHH’ ; ’L——-’]

Table 2: Parameters for Direct Inverse Control

After trying about 20 times, a satisfactory result was obtained. It is shown
in 1. Each training took about one minutes.

We thought a good result of “general” leads a good result though it is hard
to guess which result is good and which is not. Some apparently good parame-
ters obtained from “general” always fell into flat after improving with special2.
However we should examine more cases to conclude this problem.

1.3.2 Feedback Linearizarion

In this method, we used the parameters in table 3.

Method (for estimation) Indices NetDef (f) NetDef (g) Polynominal
NNARX [2 2 1] [’HHHHH’; ’L—-’] [’HHH’ ; ’L–’] z2 − 1.2z + 0.5

Table 3: Parameters for Feedback Linearization

The networks is the same as that in the template file except for the charac-
tristic polyniminal. We changed the value a little. The training took 20 seconds.
Sometimes the result contains unfavorable vibrations, but we never got really
bad results. One of the results we obtained is shown in figure 2.

1.3.3 Optimal Control

We used function “general” to get the initial model, and improved it with “opt-
train”. The parameters we tried is shown in 4
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Fig. 1: Direct Inverse Control

Method Indices NetDef(forward) NetDef (initial)
NNARX [2 2 1] ’HHHHHHHH’ ; ’L——-’] ’HHHHHHHH’ ; ’L——-’]

Table 4: Parameters for Optimal Control

This model is quite similar to direct inverse control, but it seemed that more
variation of signals were seen. We tried 20 times, and got most favorable results
among three methods. it is shown in 3

1.3.4 Comparing Errors

We evaluated these three models with errors. Here, error is defined as the
difference between “purpose value” and “real output”. It is shown in figure 4.
Also, the square mean value is shown in the table ??.

Method Direct Inverse Control Feedback Linearization Optimal Control
Error 0.31 0.51 0.12

Table 5: Errors of Each Controler
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Fig. 2: Feedback Lineariaztion

Obviously the controller with optimal control method achieves best. How-
ever, we cannot conclude that optimal control is the best method, since this time
the number of neurons are different.

Still, it is natural that the system with feedback method has slow initial rise,
since it can get the information just after the difference appears.

2 Conclusion

As seen before, we estimated a system with NNARX model, and designed three
controllers. In the estimation part, we obtained very satisfactory model — very
small errors not only for training data but also for test data. Unfortunatelly we
could not design a control system with the estimated model obtained in the first
part, still three practical controllers are somehow designed.
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Fig. 3: Optimal Control
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Fig. 4: Errors : (from the top) Inverse / Feedback / Optimal


