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SUMMARY 

A fully parallel learning neural network chip was applied to perform real-time 

output feedback control on a nonlinear dynamic plant.  A hardware-friendly learning 

algorithm, the RWC algorithm was used.  The original RWC chip was modified to be 

more suitable for real-time control applications.  Software simulations indicated that the 

RWC algorithm was able to control an induction motor on-line to generate desired output 

stator current, despite the analog circuit nonlinearity.  Another real-time application 

considered in the research was the combustion instability control in a jet or rocket engine.  

This is a dynamic nonlinear system, which can be very hard to control using traditional 

control methods.  Extensive software simulations were carried out, using the RWC 

algorithm to control the combustion instability.  The simulation results proved that the 

RWC algorithm worked with this application.  This was the first time that the algorithm 

was proved to function with a real-time problem in simulation.  The modified RWC chip 

was then fabricated.  A series of preliminary hardware tests was carried out.  They proved 

that the chip could perform on-chip learning, operating in a fully parallel manner.  The 

RWC chip was applied to control a computer-simulated combustion to successfully 

suppress the oscillation.  This was the first time that an analog neural network chip was 

tested to control a simulated dynamic, nonlinear system successfully.   
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CHAPTER I  

INTRODUCTION 

1.1 Background Review 

The ultimate goal of this research is to implement a learning neural network chip 

to control real-time systems.  Real-time systems require that the processing occur within 

microseconds (µs) or milliseconds (ms).  Throughout the research, two real-time systems 

are considered.  One is the induction motor, for which the time constant is associated with 

the rotor; microseconds are preferable.  The other is combustion in turbine or rocket 

engines, for which the time constant is associated with the combustion process and the 

fuel injection delay; milliseconds are preferable.   

Neural networks try to emulate the human neural system, which has many 

distinctive features [1]: robustness, fault-tolerance, and flexibility.  Neural networks have 

been successfully applied in many areas, from engineering to economics, from forecasting 

to control.  In the control area, they have been applied to control robot arms, chemical 

processes, continuous productions of high-quality parts, and aerospace applications [2].  

Previous research [3] [4] [5] showed that neural networks could be used to model and 

control complex nonlinear physical systems with unknown or slowly varying plant 

parameters. 
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A neural network controller can be a general-purpose controller.  The same neural 

network can be reconfigured for dissimilar applications.  In conventional control 

methods, an extensive study and understanding of a system is required to build a 

controller, especially for that system.  A neural network can control a system without 

previous knowledge of the system, and an on-line learning neural network can adjust on-

line to unexpected conditions, which is very difficult with traditional control methods.   

Another potential advantage of the neural network is its parallelism.  Human 

neural systems solve complicated problems with parallel operations of many neurons.  

The parallel operations make it possible to solve a complex problem in a short time 

period, compared with serial operations.  However, reported implementations of neural 

networks do not all exploit parallelism fully. 

Originally, most neural networks were implemented by software running on 

computers.  However, as neural networks gained wider acceptance in a greater variety of 

applications, it appeared that many practical applications required high computational 

power to deal with the complexity or real-time constraints [13].  Software simulations on 

serial computers could not provide the computational power required, since it 

transformed parallel operations into serial operations.  When the networks get bigger, the 

software simulation time increases accordingly.  With multiprocessor computers, the 

number of processors typically available does not compare with the full parallelism of 

hundreds, thousands, or millions of neurons in most neural networks.  In addition, 

software simulations are run on computers, which are usually expensive and can not 

always be affordable.   
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As a solution to above problem raised by software simulation, dedicated hardware 

is purposely designed and manufactured to offer a higher level of parallelism and speed.  

It can potentially provide high computational power at a limited cost. 

Parallel systems are not only faster, but are also intrinsically more fault tolerant 

than sequential ones.  One single fault in a sequential system may prevent the 

computation of the whole network in the worst case.  But a single fault in a fully parallel 

system affects only the computation of the contribution of the associated synapse, which 

often has a negligible effect on the overall performance of the system.  When fault 

tolerance is an important system concern, parallel implementations might offer significant 

improvements.   

A common principle for all hardware implementations is their simplicity.  

Mathematical operations that are easy to implement in software might often be very 

burdensome in the hardware and therefore more costly.  Hardware-friendly algorithms are 

essential to ensure the functionality and cost effectiveness of the hardware 

implementation. 

In this research, a fully parallel learning analog neural network chip that 

implements a hardware-friendly algorithm, called random weight change (RWC), is used 

to successfully control a simulated dynamic, nonlinear real-time system.  
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1.2 Thesis Organization 

This thesis is organized as follows.  Chapter 1 briefly introduces the research and 

the thesis organization.  Chapter 2 first compares different hardware implementations of 

neural networks, then reviews learning neural network chips in implementation issues and 

application areas.  Chapter 3 states the proposed research goal and approach.  Chapter 4 

presents a software simulation of induction motor control with the RWC algorithm.  The 

learning algorithm is proved immune to analog circuit nonlinearity.  Chapter 5 introduces 

the combustion instability problem in turbine engines and the procedures proposed to 

solve the problem with learning neural network chips.  Chapter 6 presents extensive 

software simulations of the combustion instability control using the RWC algorithm.  The 

results proves that the algorithm worked well for this application.  Chapter 7 shows the 

modifications of the RWC chip to make it more suitable for real-time control applications 

and preliminary hardware test results.  Chapter 8 successfully applies the modified RWC 

chip to control the computer-simulated combustion instability.  Chapter 9 explains the 

design of an improved RWC chip in the 0.35-µm TSMC process.  The new chip has 

about seven times more weight and better features for real-time control applications.  

Chapter 10 summarizes the research and suggests future work.  Appendix A is the source 

code for induction motor simulations, as presented in Chapter 4.  Appendix B is the 

source code for the software simulations of combustion instability control, as presented in 

Chapter 6.  Appendix C relates to Chapter 7, including the test setup, the test results, and 

the source code for primary chip function tests.  Appendix D relates to Chapter 8, 
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including the test setup, the test results, and the source code for the neural network chip 

control of the simulated combustion instability.  Appendix E relates to Chapter 9, which 

is the spice simulation code for the design of the improved chip.   
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CHAPTER II  

LITERATURE REVIEW 

This chapter first compares different hardware neural networks for practical 

applications.  Then it briefly reviews the basics of neural networks, followed by the 

literature search on implementation and application issues of learning neural network 

chips. 

2.1 Neural Network Implementations 

There are two general categories of hardware neural networks: digital hardware 

and analog hardware.   

Digital hardware has the advantage of implementing precise computation units 

like adders, shifters, and multipliers.  Analog hardware experiences circuit nonidealities, 

like nonlinear multipliers and the weight leakage.  On the other hand, the analog circuit is 

much more compact than the digital circuit.  Because of the size difference, most analog 

neural chips are implemented by a parallel matrix of neural cells, while most digital 

neural chips need to share computation units.  

The degree of parallelism for the digital hardware varies with different 

implementations.  One category of the digital chips is general-purpose digital processors 

(i.e., DSP chips) and digital logic arrays (i.e., FPGAs).  They are the same circuits as in a 
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computer.  However, they are more cost effective and faster than computers.  For this 

category of hardware, the degree of parallelism is either serial, or partially parallel.  

Another category of digital chips is dedicated chips, designed to implement neural 

networks.  They are similar to analog chips, but use digital circuits instead of analog 

circuits.  They can be made fully parallel.  However, since digital computation units are 

much larger than analog units, a fully parallel digital chip would be very large [6] [7] [8].  

And the bigger the chip size, the lower the yield factor, and the more expensive the 

product.  Thus all parallel digital chip implementations use serial logic for computation 

blocks, making them slower than a fully parallel digital chip.   

On the other hand, a fully parallel neural network of useful size can be 

implemented on a single integrated chip using analog circuits.  The analog 

implementation is a more efficient implementation compared with the digital 

implementation.  As mentioned before, there are difficulties for the analog 

implementation: the need for hardware-friendly learning algorithm with full parallelism, 

the added hardware on-chip learning ability, and the difficulty with long-term storage, etc.  

If the analog implementation can overcome these design difficulties, it can provide fully 

parallel neural networks, which would offer a higher degree of the performance than 

digital systems.  

Full parallelism is desirable, but its advantage is obvious only when the neural 

network size is large.  When the neural network size is small, there may not be a big 

difference among software networks, partially parallel hardware, and fully parallel 

hardware, especially when the circuits operate at fast speed.  But when the size of the 
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network increases by several orders of magnitude, the difference in speed between the 

fully parallel hardware and other networks can increase proportionally.  

The following compares the following four kinds of neural network 

implementations: serial digital, partially parallel digital, fully parallel digital, and fully 

parallel analog circuits.   

The first one is a typical digital double-precision multiplier [9], used in most DSP 

and PGA chips for serial operations.  The multiplier block is 3.36 x 3.85 mm2, fabricated 

with 0.8-µm CMOS process.  It contains 82,500 transistors.  The multiplication time (T) 

is 13.0 ns.  To take account of the process effect on the circuit operation speed, the time 

for all the implementations is normalized to the gate delay time (Tg) for that specified 

process.  In this implementation, the multiplication time is corresponding to 40Tg, where 

Tg is the gate delay for 0.8-µm CMOS process.  For a fully connected NxN neural 

network, the total clock cycles required to complete one forward propagation computation 

is N2T=N240Tg. 

The second one is a partially parallel hardware neural network.  The wafer-scale 

integrated circuit is a fully digital circuit, implementing the backpropagation learning 

algorithm [10].  As mentioned before, since digital computation unit is much larger than 

analog computation unit, digital implementations tend to share the computation units.  In 

this design, the synapses that go to a neuron share the same synapse circuit in time.  That 

is, each neuron only has one hardware synapse.  By doing so, the total chip area is 

reduced by N times for a fully connected NxN neural network.  However, the penalty is 

the speed tradeoff.  The total time to finish one forward propagation will be NT, where T 
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is the clock period for the synapse time-sharing.  In this design, T = 1/10MHz = 100ns = 

309Tg, where Tg is the gate delay for the 0.8-µm CMOS process.  There are totally 288 

digital neurons integrated on a five-inch silicon wafer, when fabricated with 0.8-µm 

CMOS technology.  Each neuron is composed of 55,000 transistors, with an area of 14 

mm2. 

The third implementation is a fully parallel digital circuit [11].  Using bit-serial 

digital computation units, the synapse size is effectively reduced to about 140 transistors, 

while the computation and memory access time are increased to T=800ns, if normalized 

to the gate delay (Tg) of the 1.2-µm CMOS process used, T=1770Tg.  However, because 

of the fully parallel architecture, the computation time to complete one forward 

propagation of the network remains to be T, independent of the network size.  The chip 

for the IMS GATE FOREST master (GFD-α 11.3x11.3 mm2) contains 30 neurons. 

The forth implementation is a fully parallel analog circuit [12].  Fabricated with 2-

µm CMOS process, the 2 x 2 mm2 tiny chip contains 100 synapse cells.  The multiplier 

used is composed of three transistors.  Each synapse cell is 155x183 µm2 = 28,365 µm2 in 

size.  The total number of transistors within the cell is 13, however there is a 2pF 

capacitor of size 130x50 µm2.  With the same gate density as the rest of the area, this 

capacitor is estimated to be equivalent to four transistors, resulting a total number of 17 

transistors in the synapse cell.  Thus, the total size of the analog neural network is 

approximately 17N2 transistors, when the network size is NxN.  The network input and 

output delay is T = 100ns = 100Tg [12], where Tg is the gate delay for the 2-µm CMOS 
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process.  Since the network is fully parallel, the total time for the network to complete 

one forward propagation is T=100Tg, independent of the network size. 

Table 1 compares the time to complete one forward propagation for each 

implementation, when the neural network size increases from 1 x 1 to 1,000 x 1,000.  The 

computation time is normalized to the gate delay of a chosen process.  For the serial 

digital hardware, the computation time increases proportionally with the network size N2.  

However, as shown in Figure 1, its performance is better than the rest of the digital 

hardware implementations, when the network size is below 10 x 10.  For the partially 

parallel digital hardware, the computation time increases proportionally to the neuron 

number N.  It is better than the fully parallel digital hardware when the neural network 

size is below about 10 x 10.  Both of the digital and analog fully parallel hardware 

maintain the same computation time, despite of the network size.  The fully parallel 

analog hardware is the best when the network size is bigger than 10 weights.  

Table 1: Time 

Time 1x1 10x10 100x100 1,000x1,000 

Serial Digital [9] 40 4000 400,000 40,000,000 

Partially Parallel Digital [10] 309 3090 30,900 309,000 

Fully Parallel Digital [11] 1770 1770 1770 1770 

Fully Parallel Analog [12] 100 100 100 100 
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Figure 1: Time 

Table 2 compares the size of the hardware for different implementations, as the 

neural network size increases from 1 x 1 to 1,000 x 1,000.  As shown in Figure 2, the size 

of the serial digital hardware is fixed, while the size of the fully parallel hardware, both 

digital and analog, increases proportionally with the neural network size N2.  The size of 

the partially parallel digital hardware increases proportionally with the neuron number N.  

The chip area in the table is characterized by the total gate numbers.  Table 3 is the 

estimated chip area for the fully parallel analog circuit, based on the existing chip 

implementation [12].  The chip areas are calculated according to feasible technologies 

available.  
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Table 2: Chip Area (Gate Numbers) 

Gate Numbers 1x1 10x10 100x100 1,000x1,000 

Serial Digital  82,500 82,500 82,500 82,500 

Partially Parallel Digital  55,000 550,000 5,500,000 55,000,000 

Fully Parallel Digital  140 14,000 1,400,000 140,000,000 

Fully Parallel Analog  17 1,700 170,000 17,000,000 

 

Table 3: Estimated Chip Area for the Fully Parallel Analog Implementation 

Weights 1x1 10x10 100x100 1000x1000 

Process 2-µm 0.8-µm 0.25-µm 70-nm 

Chip Area 155x183µm2 620x732 µm2 1.9x2.3mm2 5.4x6.4mm2 

Gate numbers 17 1,700 170,000 17,000,000 
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Figure 2: Chip Area (Gate Numbers) 

Table 4 is the product of the computation time and the hardware size.  It indicates 

efficiency considering both of the above two factors.   

Table 4: Efficiency 

Time x size 1x1 10x10 100x100 1,000x1,000 

Serial Digital [9] 3.3 330 33,000 3,300,000 

Partially Parallel Digital [10] 17.0 1,700 170,000 17,000,000 

Fully Parallel Digital [11] 0.25 25 2,500 250,000 

Fully Parallel Analog [12] 0.007 0.7 70 7,000 
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As shown in Figure 3, the fully parallel analog hardware has the highest 

efficiency, the fully parallel digital hardware is second, the serial digital is the third, and 

the partially parallel hardware is the poorest. 
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Figure 3: Efficiency 

The above comparisons show the relative characteristics of the different 

implementations.  Each of them has advantages and disadvantages.  If presented with a 

real problem with area and speed constrains, which ones are feasible solutions?  Which 

one is the best solution?  If no feasible solution for today’s technology, which ones are 

the possible solutions for the future technology?  The following tries to answer these 
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questions by comparing the computation power of the different implementations in 

today’s technology and the future technology. 

The 0.35-µm CMOS process is chosen for today’s technology.  The first issue is 

computation time.  According to MOSIS’s data, the gate delay for this technology is 

estimated to be 0.1868ns.  Table 5 listed the estimated time in the unit of ns for each 

implementation in the 0.35-µm CMOS process. 

Table 5: Time in the 0.35-µµµµm CMOS process (ns) 

Time 1x1 10x10 100x100 1,000x1,000 

Serial Digital [9] 7.472 747.2 74720 7,472,000 

Partially Parallel Digital [10] 57.72 577.2 5772 57720 

Fully Parallel Digital [11] 330.63 330.63 330.63 330.63 

Fully Parallel Analog [12] 18.68 18.68 18.68 18.68 

 

The second issue is the chip area.  Table 6 shows the chip areas of the different 

implementations, in the unit of mm2.  They are computed by scaling from the process 

used to fabricate the existing chip to the 0.35-µm CMOS process.   

Figure 4 summarizes the information in the previous two tables and plots the area 

and time requirements for different implementation methods with different neural 

network sizes.  Depending on the area and time limits, different implementation methods 

can be chosen.  For Example, given an area limit of 1cmx1cm and a time limit by 1µs, if 
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a neural network of size 10x10 is to be implemented, all of the four methods can satisfy 

the requirement.  Other concerns to be explained later should be considered.  However, if 

a larger neural network size is required, say 100x100, from the plots, only fully parallel 

analog implementation can meet this requirement in the current technology.  If even a 

larger neural network size of 1000x1000 is required, none of the implementations can 

meet the requirement.  However, future technology will provide more transistor density 

and faster processing time, the following explores estimated time and areas for the future 

technology. 

Table 6: Chip area in the 0.35-µµµµm CMOS process (mm2) 

Area 1x1 10x10 100x100 1,000x1,000 

Serial Digital [9] 2.476 2.476 2.476 2.476 

Partially Parallel Digital [10] 2.68 26.8 268 2680 

Fully Parallel Digital [11] 0.362 36.2 3,620 362,000 

Fully Parallel Analog [12] 0.000868 0.0868 8.68 868 
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Figure 4: Area and Time Requirement for Different Implementation Methods with 

Different Neural Network Sizes for 0.35-µµµµm CMOS Process 

Five years from now on, a 70-nm CMOS process may be available, which is 

chosen as the future technology for comparison.   

The gate delay for this technology is not experimentally available.  But from the 

gate delay data from the 2-mm process to 0.35-mm process, it is estimated to be 

0.0649ns.  It is calculated by using cubic spline interpolation function in Matlab.  Given 

the 31-stage ringer oscillator frequencies in 2.0-, 1.2-, 0.8-, 0.5-, 0.35-µm CMOS 

processes from MOSIS PARAMETRIC TEST RESULTS, the same oscillator frequency 

is interpolated to be 497MHz, as shown in Figure 5, then the gate delay of one stage is 

0.0649ns.   
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Figure 5: Cubic Spline Interpolation of the 31-stage Ring Oscillator Frequency in 

70-nm CMOS Process 

Table 7: Time in the 70-nm CMOS process (ns) 

Time 1x1 10x10 100x100 1,000x1,000 

Serial Digital [9] 2.596 259.6 25,960 2,596,000 

Partially Parallel Digital[10] 20.05 200.5 2,005 20,050 

Fully Parallel Digital[11] 114.87 114.87 114.87 114.87 

Fully Parallel Analog[12] 6.49 6.49 6.49 6.49 
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Table 8: Chip area in the 70-nm CMOS process (mm2) 

Area 1x1 10x10 100x100 1,000x1,000 

Serial Digital [9] 0.099 0.099 0.099 0.099 

Partially Parallel Digital [10] 0.1027 1.027 10.27 102.7 

Fully Parallel Digital [11] 0.01448 1.448 144.8 14,480 

Fully Parallel Analog [12] 0.00003472 0.003472 0.3472 34.72 

 

Figure 6 is essential the same plot as Figure 4, but with the 70-nm CMOS 

technology.  As shown in the figure, it is possible now to implement 1000x1000 neural 

network within 1cmx1cm chip area and 1ms computation delay, while it is still not 

possible to implement with all other methods. 
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Figure 6: Area and Time Requirement for Different Implementation Methods with 

Different Neural Network Sizes for 70-ns CMOS Process 

The major drawback of all hardware implementations is that they must often be 

designed for a specific application.  Therefor, their use can be justified only for either 

very large quantities or very high-performance requirements [13].  General-purpose 

digital hardware has an advantage in this perspective.  It is available in the market, and 

only software configurations are needed.  In addition, digital hardware is generally easier 

to design than analog hardware.  Analog hardware is more costly to design.  However, if 

the analog design overcomes the design difficulties, and is in mass production, the cost 

would be much smaller.  As mentioned before, neural network controllers can be general-

purpose controllers.  Once a good design is ready, it can be reconfigured with minor effort 
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for dissimilar applications.  However, a good analog design that overcomes all the 

difficulties is essential.   

In summary, there are advantages and disadvantages for both digital and analog 

hardware.  When the computation power is not high, it is cost efficient to use software 

and digital solutions.  Only when high computation power is required is the analog circuit 

preferable, given a good analog implementation.  Also, when the power consumption and 

size is a concern, the analog circuit is definitely preferred. 

2.2 Basics of Neural Networks 

Figure 7 is the model of a single neuron with three inputs and three weights.  

Every input is connected to the neuron body through a different weight. 

Weight2j

Outputj
Input1

Input2

Input3

Neuron j

Weight1j

Weight3j  

Figure 7: A Neuron 

The neuron output is a function of its inputs and associated weights, as shown in 

the following equation: 
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Equation 1 

The function f ( ) is called the neuron-activation function. 

A neuron is the basic unit of a neural network.  To construct a network, the 

neurons have to be organized in certain architecture. 

The following sections present the literature search on all kinds of learning neural 

network chips, which are compared by chip architecture, learning algorithm, activation 

function implementation, and synapse implementation. 

2.3 Learning Neural Network Chips in Literature 

When building on-chip learning hardware neural networks, there are three main 

issues: the chip architecture (the learning algorithm is associated with the chip 

architecture), the activation function circuit, and the synapse circuit. 

The first issue is chip architecture, which is determined by the neural network 

model.  The model defines the topology of the neuron connection and associated learning 

rules.  There are three main types of neural network models that have been built in the 

hardware: the multilayer feed-forward networks, the feedback/recurrent networks, and the 

unsupervised networks.   
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2.3.1 The Chip Architecture and Associated Learning Algorithms 

2.3.1.1 Multilayer Feed-forward Neural Networks 

The most commonly used neural network architecture is the layered feed-forward 

topology.  As shown in Figure 8, the neuron units are organized in layers.  Each neuron 

within a layer is connected to all the neurons of the next layer.  There is no connection 

between the neurons in the same layer.  The inputs to the network are the inputs to the 

first layer, and the outputs of the first layer are the inputs of the second layer, etc.  The 

outputs of the last layer are the outputs of the network.  There are many variations in the 

layered architecture.  Some are not fully connected between layers and the number of 

layers can vary.  However, the type shown in Figure 8 is the most used, which is the two-

layer feed-forward fully connected network. 

Layer1 Layer2 Layer3

Output
Input

 

Figure 8: The Two-layer Feed-forward Neural Network Architecture 
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The multilayer feed-forward network is usually built by cascading the layers one 

after another.  And each layer is composed of synapses and neurons.  The typical chip 

architecture of one layer of a fully connected neural network is shown in Figure 9.  The 

two dimensional array of synapses ensures that each input has a synapse to each neuron. 

Synapse

Neurons

Input

Output

 

Figure 9: The Chip Architecture of One Layer network in a Multilayer Neural 

Network 

The multilayer feed-forwarded structure is associated with the following learning 

algorithms that are implemented in hardware: back-propagation, contrastive back-

propagation, weight perturbation, and random-weight-change algorithms. 
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• The back-propagation learning 

In the conventional back-propagation learning algorithm, weights are updated by  

jiij ow εδ=∆ , 

Equation 2 

( )iii uf 'ζδ = . 

Equation 3 

In the output layer, 

iii ot −=ζ . 

Equation 4 

And in the hidden layer, 

∑=
j

jjii w δζ , 

Equation 5 
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where ui and oi are the input and output of a neuron i, wij is the weight, f ( ) is the 

nonlinear activation function, ε is the learning rate, and ti is the target output of the 

neuron i.   

• The contrastive back-propagation learning 

Offset errors in analog hardware learning circuits give biases to the above 

equations.  The contrastive back-propagation learning [14] is proposed to cancel either 

input or output offset errors.  In this algorithm, the learning is divided into two phases: 

clamped and free.  Unlike the conventional back-propagation, it doesn’t use the 

difference between the target and the output as the back-propagation error signal.  Instead, 

it uses the target value in the clamped phase and the output value in the free phase.  The 

weight changes for both phases are calculated, then the net weight change is given by the 

difference of the weight changes for these two phases.  This is similar to auto-zeroing. 

• Weight perturbation learning rules 

The back-propagation algorithm assumes linear multipliers.  But linear multipliers 

are difficult to implement using simple analog circuits.  The learning rules introduced 

here are proposed to be more tolerant with analog nonlinear multipliers.  

One of the rules is called the serial-weight-perturbation rule [15], or the Madaline 

Rule III (MRIII).  This algorithm is very tolerant with analog circuit nonidealities; 

however, it is a serial computation algorithm.  The advantage of the parallel hardware is 

lost. 



 27 

The chain perturbation rule [16] is based on the serial-weight-perturbation 

learning rule.  The output layer weights are updated directly, following the same learning 

rule in the serial-weight-perturbation learning rule: 

kj
kj w

Ew
∆
∆∝δ , 

Equation 6 

where δwkj is the change in the weight that connects neuron k to neuron j, and ∆E is the 

change in error resulting from the perturbation ∆wkj.  All weights originated from a given 

hidden node could be updated in parallel.  Hidden layers are updated by serially 

perturbing the hidden node outputs and measuring ∆E/∆o for each hidden node, where ∆o 

is the change in each hidden node output.  Then, hidden weights are perturbed and ∆o/∆w 

is measured.  The weights are updated using the following chain rule: 

kjkj
kj w

o
o
E

w
Ew

∆
∆

∆
∆≈

∂
∂∝δ . 

Equation 7 

This algorithm is tolerant with nonlinear analog multipliers as MRIII and it is 

more parallel in learning compared with the MRIII algorithm.  However, it is not a fully 

parallel algorithm either. 
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• Random-weight-change algorithm 

This is a gradient descent algorithm like the back-propagation algorithm.  The 

algorithm [12] can be expressed as follows: 

)1()()1( +∆+=+ tWtWtW , 

Equation 8 

If the error at t+1 is decreased compared to that at t, 

)()1( tWtW ∆=+∆ , 

Equation 9 

Otherwise, 

)()1( trandomtW =+∆ , 

Equation 10 

where W(t) is the weight at time t and ∆W(t) is the weight change at time t.  The random 

(t) function is either +δ or -δ with equal probabilities.  This algorithm implies that when 

the error is decreased, the weight keeps the direction of the change, otherwise a new 

direction is randomly chosen.  There is an equal probability (if δ is small) of the new ∆W 
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increasing or decreasing the error.  There is a detail issue of whether allowing the weight 

changes that increases the error, which will be discussed further in the future sections.   

2.3.1.2 The Hopfield Network and the Boltzmann Machine  

The Hopfield network is typically used for associative memory applications.  A 

simple example is as follows: The network remembers a clear image (the network gives a 

certain output for this image), and it is trained to envoke the original image by presenting 

a noisy version or part of the original image (the network learns to give the same output 

when the incomplete or noisy image is presented).  Generally, the Hopfield network is 

trained to generate a set of outputs for a set of given inputs.   

The Hopfield network is a fully connected network.  A single change in a neuron 

would cause changes in all the neurons in the network.  After the network has settled, the 

neuron activation is determined by the following equation: 







= ∑

j
jiji VWfV , 

Equation 11 

where Vj is the current activation of the jth neuron and Wij is the weighting factor that 

determines the effect the jth neuron had on the ith neuron’s activation.  The f ( ) is a 

sigmoid function. 



 30 

The architecture of a fully connected Hopfield-type network [17] is shown in 

Figure 10.  A network of N neurons has N (N-1) synapse.  As shown in the figure, the 

synaptic circuitry occupies the majority of the chip area. 

Input Hidden Output

Neurons

Synapse

 

Figure 10: The Architecture of a Fully Connected Network, with Input, Hidden and 

Output Neurons [23] 

2.3.1.3 The Kohonen Network 

The Kohonen network is mostly used to classify inputs into different categories, 

according to the topology relation of the inputs.  It has two layers, as shown in Figure 11.  
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The first layer is the input layer; the input patterns are fed through the input layer.  The 

second layer is the Kohonen output layer.  It is composed of neurons that compete with 

each other; each neuron has a positive feedback to itself and negative feedback to others.   

The chip architecture [18] is shown in Figure 12.  The winner-take-all (WTA) 

matrix is the output layer shown in Figure 11.  Neurons in this layer have both the inputs 

from the input layer and the feedbacks from neurons within the same layer.  The WTA 

matrix is a fully connected network, which has the same architecture as the Hopfield 

network and the Boltzmann machine shown in Figure 10. 

Input Layer Output Layer
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Wij

 

Figure 11: The Kohonen Network 
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Figure 12: The One-dimensional Kohonen Network Architecture 

The Kohonen learning rule is unsupervised.  The weight Wij from the ith neuron in 

the input layer to the jth neuron in the output layer is modified by the following Kohonen 

learning rule: 

( ) jijiij YWXW −=∆ α , 

Equation 12 
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where α is the learning rate, Xi is the ith input, and Yj is the jth output. 

2.3.1.4 Summary 

From above discussion, there are three basic types of neural networks.  Table 9 

compares these three kinds of network architectures.  The comparison is made between 

learning speed, supervised or unsupervised learning, and application areas.   

Table 9: Comparison of Different Network Models 

Network Model Training Speed Supervised Application Areas 

Feedback/Recurrent Very slow Yes Associative memory 

Unsupervised Fast No Fault detection 

Multilayer Feed-forward Fast - slow Yes Most applications 

 

The unsupervised learning model, like the Kohonen model [25], is mostly used for 

problems where the desired behavior is unknown.  The feedback/recurrent model, like the 

Hopfield model, is generally used for associative memory problems.  And the multilayer 

feed-forward network can be applied on many different applications where the desired 

behavior is well known.  It is the most widely used model today.  It is actually a subset of 

the feedback/recurrent model.  Any feed-forward network can be constructed from a 

feedback/recurrent network.  The feedback/recurrent network is thus a more general 

architecture.  However, the training speed is typically very slow and the algorithms are 

complex.  The unsupervised model is the fastest to train.  Some of the multilayer feed-
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forward networks are fast to train, too, like radial-basis function networks.  But they 

cannot do generalization very well compared with the sigmoid-shaped function networks. 

2.3.2 Activation Function Circuit 

The second issue is the activation function circuit.  It is mainly a nonlinear 

function, which is usually a sigmoid or hyperbolic tangent function.  

The nonlinear function is usually implemented by an amplifier with the sigmoid-

shaped transfer function [12] [19] [20] [21] [22] [23] [24] [25] [26].  Usually, the input to 

a synapse circuit is a voltage, which is then multiplied by the weight.  The output of the 

multiplier is often a current, so that the weight inputs can be summed easily in analog 

circuits.  The activation function takes the sum of current as input and converts the 

current into a voltage.  Thus the chip is cascadable to the next layer.  The output of the 

neuron is usually the input of the neuron on the next layer, which is a voltage.  Normally, 

the activation function is implemented by a sigmoid-shaped transconductance amplifier 

[12] [27] [28] [20] [29], with a current input and a voltage output.  Some 

implementations [22] [23] have a multiplier before the amplifier.  The multiplier is used 

to adjust the slope of the sigmoid function. 

However, there is a different method [16] [30], which is to implement the 

nonlinear function as a linear current-to-voltage converter, given that the analog 

multiplier usually has built-in nonlinearity already.  The main difference between this 

model and the standard model is whether the nonlinearity is applied before the 

summation or after the summation.  The standard model applies the nonlinearity after the 
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summation, while this alternative model applies the nonlinearity on the multiplier, which 

is before the summation.  It is suggested that the standard model is a crude attempt to 

model a complex biological system, and the important characteristic is the ability to form 

nonlinear mappings.  This alternative method leads to a simpler neuron circuit and saves 

effort in building the sigmoid or the hyperbolic tangent curve. 

In other cases [25] [31], the neuron activation function is a high gain sigmoid 

function, called threshold function.  When the sum of the current is larger than the 

threshold, the neuron output is high; otherwise, the neuron output is low.  For this 

purpose, a comparator is needed.  For the Kohonen network [25], the output layer is a 

winner-take-all network.  The output value is either high or low, and only one output 

neuron is high.  Therefore, a buffer is used for the output. 

2.3.3 Synapse Circuits 

The major challenge in analog VLSI implementation of neural networks is 

synapse circuits (the weight storage, modification, multiplication).  Much research has 

been done in this area [32] [33] [34] [35] [36] [37].  But until the early '90s, there is no 

weight adaptation hardware built on chips, the learning is performed on computers, and 

then the weights are hard copied onto the chip.  Ideally, the weight is to be held in a long-

term storage, and it should be modified easily [38] [39].  In reality, the permanence of the 

stored weight had to be traded against the ease of its modification.   
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There are five kinds of weight circuits, categorized by storage type.  They are the 

capacitor-only weight, the EEPROM weight, the capacitor with refreshment weight, the 

digital weight, and the mixed digital/analog weight.   

2.3.3.1 Capacitor-only Weights 

Several researchers [12] [21] [22] [23] [25], use only a capacitor as the weight 

storage.  Since the circuits are built for different applications, the learning algorithms and 

the chip architectures differ.  However, the basic synaptic circuits are similar.   

The circuits in publications [12] [21] [23] use the Gilbert multiplier, the four 

quadrant Gilbert multiplier, and the transconductance multiplier, respectively.  The 

weight is stored on a capacitor and adjusted by a current Ic, as shown in Figure 13.  
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Figure 13: The Weight Storage and Modification Circuit [23] 

In the figure, Yp and Yn are connected to the positive and negative voltage sources.  

The voltage Vw across the capacitor Cw represents the weight.  Pulse signals XN and XP 
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added to the gates of M1 and M2 decrease or increase the voltage across Cw, thus 

modifying the weight.  The weight changes are governed by 

w

cw

C
I

dt
dV

= . 

Equation 13 

The main problem with the capacitor-type circuit is that the current leakage causes 

the weight to drift.  In circuits [23] [21], the leakage current is less than 1pA.  To reduce 

the leakage current, the chips can be cooled in a slightly lower temperature.  If the chip is 

used under the condition where the weights are updated fast enough, the leakage current 

can be ignored.  Continuous learning process also provides a way for the network to 

compensate for component drift as the temperature of the circuit changes. 

Figure 14 shows another weight storage and the update circuit [22], which is 

similar to the one shown in Figure 13.  The multiplier used in this implementation is also 

the Gilbert multiplier.   
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Figure 14: The Weight Storage and Modification Circuit [22] 

The weight-modifying signal is a voltage; after a voltage-to-pulse converter, pulse 

signals XN and XP are added to the gates of M1 and M2.  As in the previous figure, Yp and 

Yn are connected to the positive and negative voltage sources.  The weight value is stored 

in capacitor C1.  To minimize the nonlinearity caused by the change in the capacitor node 

potential XC during the learning operation, a feedback path including the op-amp and the 

capacitor C2 is added.  The charge stored in capacitor C1 is then transferred to the 

capacitor C2.  The capacitance of C1 and C2 is 20 pF. 

In this circuit, the weight decays by itself because the charge stored in the 

capacitor leaked through the junctions: the p+n junction of the PMOSFECT M2 and the 

n+p junction of the NMOSFET M1.  At room temperature, the leakage current at the p+n 

junction is larger than that at the n+p junction [22].  The weight usually decreases as time 

passes.  The time constant of the decay is about 104 sec, which is fairly large compared 

with the typical retention time in dynamic RAM’s.  The reasons for such long retention 

time are as follows: (1) the very large capacitance (20pF), (2) the small junction area 
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resulting from a double poly process, and (3) the compensation between the two leakage 

currents through the two complementary junctions.  As a result, a 13-bit precision is 

maintained for 1s, and 10-bit precision is maintained for 10 s.  The retention time is 

considered long enough to use the chip in the applications where weights are always 

updated. 

This synaptic chip is fabricated in 1.3-µm CMOS, double metal, and double poly 

process.  The 7mm x 7mm chip consisted of nine neurons and 81 synapses. 

For the network [25] that has one bit input to each input neuron, the multiplier is 

not necessary.  But the weight storage and modification circuits are shown in Figure 15.  

φ2φ1

Input X
CwC1

 

Figure 15: The Weight Storage and Modification Circuit [25] 

The Cw is the weight capacitor, the C1 is the parasitic capacitance, and φ1 and φ2 

are two nonoverlapping clocks.  When the φ1 goes high, the capacitor C1 is charged to the 

input voltage X; the charge on C1 at the time is Q1=X(t)C1.  When φ2 goes high, the 

charge in both capacitor C1 and Cw is redistributed.  Assuming that the initial voltage 

across Cw is W(t), the charge stored at Cw is Qw=W(t)Cw.  According to the charge 
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conservation law, the charge must be constant before and after the charge sharing.  The 

final voltage across both capacitors is  

( ))()()()1(
1

1 tWtX
CC

C
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w

−
+

+=+ . 

Equation 14 

Since Cw>>C1, the new weight voltage is 
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Equation 15 

Thus, every time, the weight is modified proportionally to the input signal X. 

The test chip is fabricated with 2-µm CMOS technology.  The chip size is 2.2 mm 

x 2.2mm.  The network actually takes an area of 0.9mm2, including 120 synapses.  The 

weight storage capacitor Cw is 1.18pF, with an area of 38µm x 38µm.  The leakage source 

is a p-n junction of 6µm x 6µm in size.  The leakage is negligible at room temprature 

when the clock frequency is above a few hundred kilohertz [25]. 

The implementation in the publication [12] uses a similar charge-sharing scheme 

to modify the weight with a simpler multiplier.  The multiplier consists of three 

transistors, as shown in Figure 16. 
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Figure 16: The Weight Storage Circuit and the Multiplier Circuit [12] 

The chip (2.2mm x 2.2mm) is built in a 2-µm CMOS double poly process, 

including 100 weights.  The 2pF capacitor is built by double poly and the current leakage 

on it caused 10% loss of the weight value in 5s. 

Generally, the chip using the capacitor as the weight storage takes a very small 

area.  The weight modification is either by current or by charge sharing.  The multiplier 

most used is the Gilbert multiplier.  Capacitor-type weight storage provides the network 

with a dynamic, easy-to-modify memory, thus enabling the circuit to learn on-chip.  

However, the drawback is that the current leakage on the capacitor caused the weight to 

drift.  The capacitor needs to be fairly large to hold the voltage.  It ranges from 1pF to 

20pF, which takes about one third of the synapse area [12].   

For a system that is constantly changing, the weight updating may be fast enough 

to compensate for the leakage.  Cooling process can also reduce the current leakage 

significantly.  However if the results of learning are to be restored after the power is 
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removed or the learning pattern is remembered or if the pattern to be learned is long in 

time, nonvolatile memory is essential to save the learned information. 

2.3.3.2 EEPROM Weights 

The EEPROM is a nonvolatile memory in the analog process.  It is good for long-

term memory storage.  However, the weight modification is not easy to implement.  Early 

works in EEPROM hardware [40] [41] had no learning ability.  The circuit in publication 

[16] uses a combination of dynamic and nonvolatile memory that allows both fast 

learning and reliable long-term storage.  The schematic of the synapse circuit is shown in 

Figure 17. 
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Figure 17: The Schematic of the Synapse Circuit [16] 

In Figure 17, M1, M2, and Chold form a dynamic memory.  The capacitor Cpert is 

for perturbation as required for the perturbation learning rule.  And the reminder is a 
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modified Gilbert multiplier with floating-gate device current sources, as in the ETANN 

chip [41]. 

First, changing the voltage on the Vpert line perturbes the weight; transistors M1 

and M2 are turned off.  The weight voltage stored on Chold is perturbed by the amount 

proportional to the change of Vpert.  Then, using the learning rule, an error is calculated.  

The control circuit for the weight adaptation determines either to turn M1 on to decrease 

the weight or to turn M2 on to increase the weight.  As the Vpert returns to its original 

value, the weight remains the same as before the perturbation.  So, the weight is increased 

or decreased from the point before perturbation.   

The modified Gilbert multiplier implements the feed-forward multiplication.  The 

differential output current is 
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Equation 16 

where Vin is V+-V-, K=µ0Cox W/L and IFi is the current of the floating-gate device i. 

The 64-synapse, eight-neuron chip is fabricated using the Orbit Semiconductor’s 

2-µm, double poly, and double metal technology, with a chip area of 2.2 x 2.2 mm2.  It 

includes the features of on-chip learning, but without the ability to program the floating-
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fate memory.  The floating gates are programmed using hot-electron injection after the 

learning is complete. 

Even though the nonvolatile memory is present, it is hard to change on-line.  

Instead, the nonvolatile memory has to be programmed after the learning is complete.  

This limited the areas in which this chip can be used.  For example, in the area of 

nonlinear adaptive control or the engine combustion stability control, the system is 

continuously changing with the time, which requires the neuron network to adapt 

continuously on-line.  Also, in other applications, the chip may not be accessible to 

program once it is put into use. 

2.3.3.3 Capacitor with Refreshment Weights 

There are two methods for the weight refreshment.  In the first method, a static 

RAM followed by a D/A converter refreshes the weight stored on a capacitor.  Two chips 

are fabricated using this method.  In the first chip [24], the unit synapse size is 33280 µm2 

with 10-bit resolution.  The second 1.6mm x 2.4mm chip [20] contains 18 neurons and 

161 synapses, fabricated in 3-µm CMOS technology.  The resulting unit synapse is 3564 

µm2 (54 µm x 66 µm). 

In the second method [42], the weight-refreshing scheme is based on an A/D 

conversion followed by a D/A conversion of the weight value.  Periodically, each weight 

voltage is read and transferred through the A/D and D/A converters, the discrete version 

of the weight value is then written back to the weight storage capacitor.  The seven-bit 
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resolution A/D and D/A converters are implemented once per chip, and the weights in a 

chip are refreshed sequentially.   

The network with on-chip Hebbian learning and weight refreshing is fabricated in 

a 2-µm, double poly standard CMOS process (MOSIS).  It contains 25 synapses and a 

pair of A/D and D/A converters. 

The shortcoming of the weight-refreshing scheme is that the weight is limited to 

certain discrete values.  The resolution of the A/D and D/A converter limits the resolution 

of the learning weight.  Usually, a 15- or 16-bit resolution is needed for learning.  To 

build a 15- or 16-bit A/D and D/A converter is space consuming and expensive.  In the 

second method, it is good that the A/D and D/A are only implemented once per chip.  

However, the weights then have to be refreshed sequentially one after another.  Since the 

time interval to refresh one weight is fixed for a certain size of capacitor, this refreshing 

scheme limits the number of weights that can be built per chip.  Also, the sequential 

refreshing scheme is not a fully parallel operation of the weights. 

2.3.3.4 On-chip Digital Weights 

Two methods are used for the on-chip digital synapse.   

The first method [19] is shown in Figure 18.  The weight is an eight-bit static 

RAM.  The analog learning signal is transferred to a digital signal by a one-bit A/D 

converter.  This one-bit digital signal is used to modify the weight.  To realize 

multiplication using an analog multiplier, the digital weight is transferred to an analog 

signal by an eight-bit D/A converter. 
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The synapse chip is fabricated in a 0.8-µm CMOS, double metal, and single-poly 

process.  The 6.8mm x 6.8mm chip includes 576 synapses.  The actual synapse size is 

around 200µm x 200µm [19]. 

OutIn
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Figure 18: Synapse Weight Update Scheme [19] 

In the second method [43], the synapse is implemented using an analog multiplier 

too, but with a multiplying D/A converter (MDAC).  The synapse circuit with a multiplier 

and a 4-bit connection weight is shown in Figure 19.  The MOSFETs controlled by the 

bias voltages have binary-weighted width-to-length (W/L) ratios.   
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Figure 19: Multiplier Circuit with 4-bit Connection Weight [43] 

The synapse and neuron chips are fabricated in a 3-µm technology.  The chip size 

is 2mm x 3mm, including seven neurons and 49 synapses with six-bit resolution.  The 

estimated synapse size is around 250µm x 250 µm.  Compared with the previous chip, 

this one has six-bit resolution instead of eight-bit, and the fabricating process is three 

times bigger in minimum size.  This chip is estimated to take a smaller area given the 

same resolution and the same process. 

The synapse areas of the two chips are acceptable.  But, it is shown that at least 15 

or 16 bits of accuracy is needed in learning by most learning algorithms [20].  The two 

chips here don’t reach the resolution.  The D/A and A/D converters in the method also 

needs to be extended from eight bits to 15 or 16 bits, which is hard to implement using 

simple circuits, and will take even more area. This will make the chip more expensive 

than that with the analog type memory.   
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2.3.3.5 Mixed Digital/Analog Weights 

The mixed digital/analog synapse circuit is introduced in the publication [44].  

The digital part of the weight is shown in Figure 20, which is similar to that in the second 

method introduced in the previous section.   
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Figure 20: Digital Storage for Digital/analog Hybrid Synapse [44] 

The transconductor gm and the diode coupled transistor transforms the input 

voltage vzj to a current.  The voltage is applied to the gates of the transistors at the 

synapse sites and causes proportional drain current gmvzj.  The multiplication is performed 

by switching the current sources to or from the horizontal current accumulation lines, 
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controlled by the locally stored synapse strength word.  The currents are then binary 

weighted and summed.  The current output from a row of synapse is given by 
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Equation 17 

where wkj
bb is the bth bit of the weight wkj (stored as a two’s complement signed number), 

B is the number of bits in wkj, and M is the number of row inputs. 

The authors of the paper proposed to combine the digital memory with a simple 

capacitor for the accumulation of small weight changes.  Thus, the simple analog circuit 

can handle the weight change, and the hardware cost of the learning algorithm is 

minimized.  The proposed analog extension is shown in Figure 21.  
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Figure 21: Analog Extension of a Mixed Analog/digital Weight [44] 
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The analog extension voltage VAEkj is changed by a current output multiplier, 

which is part of the learning algorithm hardware.  When the voltage VAEkj is outside the 

range of [VAE-, VAE+], the corresponding digital weight is increased/decreased accordingly 

by the up/down counter.  At the same time, the analog extension voltage is reset to zero. 

The analog capacitor weight enables the network to do on-chip learning easily, 

with simple and compact analog circuits.  The digital weight provides the nonvolatile 

memory.  Compared with the combination of capacitor and floating-gate weight, the 

digital weight is easier to modify on-line than the floating-gate device. 

2.3.3.6 Summary 

Table 2 compares these five types of synapse circuits.  The comparison is based 

on unit synapse area, resolution of the weight, the need for off-chip memory, the ease of 

modification, and nonvolatile memory.   

The area is for one synapse circuit, in the unit of 1Kµm2.  They are normalized to 

a 1-µm process.  For example, if a synapse takes 200µm x 200µm area in a 2-µm process, 

it is normalized 100µm x 100µm = 10000µm2 in a 1-µm process.  The ideal chip should 

have a relatively small synapse area.  The weight resolution is for the digital related 

weights.  The on-chip digital weights has the resolution of its own; the capacitor-with-

refreshment weights are limited by the resolution of the off-chip digital memory or the 

A/D and the D/A converters.  The capacitor-based memory is an analog signal and is 

supposed to have infinite resolution.  None of the networks need off-chip memory, except 

for the chip that is built with off-chip refreshment. 
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Table 10: Comparison of Five Kinds of Weight Storage Circuits 

Storage type Area Resolution Off-chip 

memory 

Modification Nonvolatile 

Capacitor-

only 

1.3 (1.18pF) 

5.6 (2pF) 

131 (20pF) 

Analog No Easy No 

EEPROM 1.2 Analog No Easy/hardest Yes 

Capacitor w/ 

Refreshment 

0.8 (0.32pF)  7, 8, 10b Yes Easy/harder Yes 

Digital 6.25/125 8b No Fair Yes 

Mixed D & A ? Analog No Fair/easy Yes 

 

The digital weights shown here have eight-bit resolution.  According to the 

author, the synapse area is not big, normalized to 6.25 Kµm2.  However, to make the 

circuit function, some peripheral circuits are needed.  The 6.8mm x 6.8mm chip 

fabricated with 0.8-µm process contains 576 synapses, which resulted in a normalized 

area of 125 Kµm2.  It has been shown [20] that 15- or 16-bit resolution is needed for 

learning, and five- to eight-bit resolution is needed for storage after the network has been 

trained for a while.  Therefore, the eight-bit resolution is good enough for storage, but 
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may not be enough for learning.  To reach the required resolution for learning, it will take 

too much area for the digital weight circuit.   

Although the EEPROM weight is a very compact and nonvolatile memory, it is 

process sensitive.  Usually, extra compensation circuits are required to solve this 

problem.   

The capacitor with refreshment weight needs off-chip memory, which is not a 

compact solution.  The additional A/D and D/A required make the chip more 

cumbersome or resulted in serial operations.   

Capacitor-only weights are compact and easy to modify.  However, they have the 

problem of leakage.  To prevent leakage, the capacitors are made very big (20pF), 

resulting a size around the same an eight-bit digital weight.  However, for the applications 

where leakage is not a problem, the capacitor-only weight is a good solution.   

The mixed digital/analog-type weight storage is a balanced solution when 

nonvolatile memory is necessary.  The theory behind this is that although about 15-bit 

resolution is needed for learning, only about eight-bit resolution is needed for storage.  

Therefore, a weight with eight-bit digital memory together with an analog capacitor 

weight is preferable.  The digital circuit thus provides nonvolatile memory, without too 

much area.  The capacitor circuit has the advantage of easy modification and provides 

enough resolution for learning.  However, no one has yet researched this experimentally. 
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2.4 Application Areas of Learning Neural Network Chips in Literature 

Most of the neural network chips with the multilayer feed-forward architecture are 

usually tested with the two-input XOR problem [12] [22].  This is a static problem, where 

the four possible input combinations are fed to the network, and the corresponding 

network output is compared with the desired output, thus providing an error.  The 

learning algorithm then changes the weights accordingly to minimize the error.  The four 

combinations are fed to the network again, and the error is calculated accordingly; the 

weights are then changed to decrease the error.  This process goes on until the error is 

within some limited tolerance.  Thus, the network is trained to implement a two-input 

XOR logic; that is, the output is the result of the XOR logic performed on the inputs.  The 

input and output relationship is static and does not vary with time.  Because the XOR 

problem needs two layers of feed-forward network to solve, it is assumed that it is a good 

measurement of the learning ability of the neural network.  However, there is envidence 

that the XOR problem is not very similar to many practical problems  

Another application area is the sine wave identity-mapping problem [19], which is 

also a static mapping problem.  The pattern recognition or association applications 

usually have their own special architectures, like the Kohonen network and the Hopfield 

network, and are beyond the control application area discussed here.   

There are no learning neural network chips fabricated for real-time control 

applications in the literature.  Most of applications use software neural networks running 
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on a computer, which output a control signal to the plant through some digital or analog 

output cards. 
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CHAPTER III  

REAL-TIME CONTROL WITH HARDWARE NEURAL NETWORK 

3.1 Real-time Control Scheme 

A general direct feedback scheme [45], as depicted in Figure 22, is proposed for 

real-time nonlinear system control, using learning neural network chips. 
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Figure 22: A Neural Network Controller 

In static systems, their inputs and outputs are uniquely mapped.  However, the 

outputs of dynamic nonlinear systems depend on internal states, system parameters, and 
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inputs.  Moreover, for nonlinear systems, their system parameters vary with the time and 

operating conditions. 

In Figure 22, the tapped delay line is used to sample the plant output history; it 

should be long enough for the neural network to infer the state of the plant.  In general, a 

period of the plant output of the slowest signal frequency is to be covered.  At the same 

time, the tap delay line should be faster than the Nyquist sample frequency of the highest 

signal frequency.  The rule is that the neural network should be provided enough 

information about the plant dynamics. 

3.2 Application of Neural Networks for Real-time Control 

A neural network controller is desirable only when the plant model is not 

complete, or is too complicated to determine and no proof of controller stability is 

required.  If the plant is a linear system, a very good controller can be computed from the 

plant model, which can yield much better performance.  If the plant is well understood, a 

nonlinear controller might be designed to provide provable stable control too.  

However, for the plant whose the model is poorly understood, or likely to change 

dynamically over time, neural networks might provide a good sub-optimal solution, 

though no proof of stability can be provided in the neural network control.  Most of the 

neural network learning algorithms described in the literature have not been proved to 

yield stable control.  In the case of the RWC algorithm, a true random number sequence 

can produce sufficient long ones or zeros, which could make the learning algorithm fail.  
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However, the chance of this happening is probably lower than the chance of combustion 

hardware failure.   

3.3 Issues for Hardware Neural Networks 

3.3.1 The Chip Architecture 

From the review in the previous sections, the feed-forward architecture is chosen.  

Since most industrial control applications need some desired outputs, supervised learning 

is required.  In addition, considering the need for generalization, the multilayer feed-

forward model with sigmoid-shaped nonlinearity is the most suitable model for real-time 

control applications.   

3.3.2 The Learning Algorithm 

The most well-known algorithm associated with this type of architecture is the 

back-propagation algorithm.   

However, it is very sensitive to uncertainty.  It requires precise implementation of 

the mathematical units, like adders, multipliers, and derivative units.  It is not a hardware-

friendly learning algorithm for analog circuit implementation.  Also, the architecture that 

uses the back-propagation algorithm in feedback control is very complicated.  It cannot be 

used directly in the proposed control scheme.   

As shown in Figure 22, the output of the controlling plant is usually fed to the 

input of the neural network, and the output of the neural network is the control signal that 
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controls the plant.  For a given plant output, i.e., a given neural network input, the desired 

neural network output is needed for the back-propagation algorithm to train the neural 

network.  However, this is the control signal that needed to be generated by the controller, 

which is unknown and to be found.  Thus, the back-propagation algorithm is not suitable 

for this type of real-time control.   

There are other algorithms, like the serial weight perturbation [46] (or Madaline 

Rule III) and the chain perturbation rule [16] that are implemented with hardware circuits.  

But none of them is a fully parallel learning algorithm, which means the time cycles 

required for all the weights to be updated once increases proportionally to the network 

size. 

The RWC algorithm is more suitable for industrial control applications.  

According to the learning rule, the weights are changed in a direction to minimize the 

error.  The error is not specified as the network output (difference between actual output 

of the network and the desired output); instead, it can be any error.  For the control 

problem, the error can be at the plant output (difference between the actual plant output 

and the desired plant output).  

3.3.3 The Activation Function Circuit 

As explained in Section 0, the current to voltage converter is used as the 

activation function circuit, since the analog weights includes the nonlinearity already. 
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3.3.4 Synapse Circuit. 

The original RWC chip [12] used capacitors as the weight storage unit.  

Potentially, there would be the leakage issue, and a nonvolatile weight is desirable.  

However, for this research, the controlling plant is a dynamic system, which changes fast 

with time.  The author hoped that the weights would continue to adjust on-line, so that the 

leakage could be compensated.  However, no conclusion was drawn before actually 

applying the chip for control.  It is the goal of this research to address this leakage issue, 

among other issues, like the multiplier nonlinearity, the learning algorithm 

implementation, and the learning step etc. 

Before this research, the RWC chip was tested and proved functional with off-line 

batch mode learning to implement the two-input XOR [12].  The main purpose of this 

research is to apply the RWC algorithm and the existing chip to the real-time control 

domain.  The goal is to find the main issues that are critical to the real-time control 

applications, to make appropriate modifications to the chip, and to provide a new, 

effective scheme for the real-time control with neural network chips.  
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CHAPTER IV  

EFFECTS OF ANALOG CIRCUIT NONIDEALITY 

As described above, analog circuit implementations of neural networks has 

nonlinearity in multipliers.  To ensure that the RWC learning algorithm is tolerant of the 

multiplier nonlinearity, a software simulation is performed using RWC algorithm, with 

nonlinear multipliers.  The results shows that the RWC algorithm has successfully trained 

the neural network to perform on-line control for an induction motor to generate the 

desired the stator current, despite the analog circuit nonidealities. 

4.1 The Induction Motor Application 

The induction motor is a complex, multivariable nonlinear dynamic 

electromechanical system.  The objective of induction motor control is to control the flow 

of power into the motor, so as to produce a torque on the rotor shaft, which would result 

in a desired shaft speed.  To produce the desired torque, the stator current is first 

calculated.  Based on the required stator current, the applied voltage is then calculated.  

The relationship among the applied voltage, resultant current, torque, and speed is shown 

in Figure 23. 
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Figure 23: Relationship between the Stator Voltage, Current, Shaft Torque and 

Speed 

The relationship between the applied stator voltage and the resultant stator current 

vector is nonlinear with respect to the speed of the motor shaft.  This relationship is also 

implicitly time varying because of electrical parameter variations.  For example, the 

inductance can vary significantly and rapidly because of significant and rapid changes in 

current magnitudes; the AC resistance of conductors is frequency dependent and can vary 

rapidly with rapid changes in current frequency and the relatively slow changes in 

resistance resulting from the heating effect.   

In addition, the relationship between the stator current and the mechanical torque 

is also nonlinear and affected by time-varying parameters.  The shaft speed is determined 

by the net torque applied and the mechanical load. 

Therefore, the dynamic performance of the motor depended on how well the 

controller could adapt to the parameter variations.  The two-layer neural network 

controller developed by Burton et al. [47] successfully controlled the induction motor to 

produce the desired current, using a modified version of the RWC algorithm. 

The modified algorithm makes 20 random trials to change the weight in 20 

different directions and calculates the error for each trial.  One trial is in the direction of 

the previous round.  However, each change is not permanent.  The permanent change is 
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made in the direction of the trial with the least error.  The underlying idea is the same as 

the algorithm explained in the previous section.  The modified version improves the 

algorithm by making more trials, but taking a longer time for each trial. 

The simulation of the neural network in [47] was based on ideal multipliers and 

did not include any nonidealities of the analog circuit.  One result of using the RWC 

algorithm in that work is shown in Figure 24.  The horizontal axis is time in seconds, and 

the vertical axis is the current.  The dotted line is the desired current, and the solid line is 

the actual current generated.  An ideal multiplier was used in the simulation.  In less than 

0.1 second, the neural network learned to follow the desired current output.  In this case, 

the simulation was carried out with ideal two-sided multipliers.  In the next section, the 

performance of the neural network with nonideal one-sided multipliers is shown. 
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Figure 24: Simulation Result of Induction Motor Using the RWC Algorithm 

4.2 Analog Circuit Nonideality and Simulation Result 

Based on the fabricated circuit in publication [12], the neural network controller 

was tested for the induction motor with one-sided nonlinear multipliers.   

A multiplier can be expressed as y = w x f(x).  An ideal multiplier is linear and 

two-sided, which means x can be positive or negative, and f(x)=1.  However, for the 

nonlinear and one-sided multiplier, as implemented by the analog circuits in [12], x can 

only be positive, and f(x) is a nonlinear function of x.  The ideal multiplier and the 

nonlinear, one-sided multiplier are shown in Figure 25.  The nonideal multiplier shown is 
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an example, and it is defined by y = w * x * (1-x2/3).  The dotted line characterizes the 

ideal two-sided multiplier, and the solid line is the nonideal multiplier. 

When a multiplier is implemented with an analog circuit, it not only has 

nonlinearity, but also offset, as shown in Figure 26, which is the measured data from the 

RWC chip [48].   

Substituting the ideal multiplier with the nonideal multiplier in Figure 26, the 

performance of the neural network controller stated in the previous section was 

simulated.  The result of the generated current is shown as the solid curve in Figure 27.  

The dotted curve is the generated current using an ideal multiplier.  It is the same current 

as shown in Figure 24 and is redrawn here for comparison.   

x

Ideal Multiplier and One-sided Non-ideal Multiplier

y

 

Figure 25: Ideal Multiplier and the One-sided Nonlinear Multiplier.   
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Figure 26: Multiplier Measured from the RWC Chip 
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Figure 27: Simulation Results of Ideal Multipliers and Nonideal Multipliers 

The previous work using ideal multiplier was simulated with Matlab software.  

The nonlinear multiplier operation was very slow when formed from the measured result 

using the curve-fitting function provided by Matlab.  In this case, it was actually so slow 

and performed so much computation that no result is generated from the program.  C 

program was written for a simplified curve-fitting function and an interface program 

between the C code and the Matlab code was written.  It helped to improve the running 

speed.  The C code is compilable, while the Matlab code is line executable.  This 

difference makes C code faster to run, especially for loop functions, which were heavily 

used in this computation.  The C code for curve fitting and the interface code to Matlab 

are shown in Appendix A.1 Nonlinear Multiplier Simulation Code; it includes the 

measured data points of the nonlinear multiplier from the RWC chip. 
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The result shown above proved that the RWC algorithm is immune to the analog 

circuit nonidealities.   



 68 

CHAPTER V  

COMBUSTION INSTABILITY PROBLEMS 

The combustors used in propulsion and industrial applications are by nature 

unstable.  They have randomly appearing oscillation with different frequencies and 

damping.  The instability occurs when the combustion process couples with the acoustic 

field in a way that excites one or more natural acoustic modes in the system [49].  The 

following passive approaches for eliminating such instabilities are [50] well-known.   

(1) To modify the combustion process to reduce the magnitude and/or change the 

frequency dependence of its driving; 

(2) To increase the combustor's damping;  

(3) To prevent the excitation of unstable combustor modes; and 

(4) To shift the frequencies of a combustor's unstable modes away from the range 

where the combustion process driving is maximized.   

Unfortunately, these approaches are costly and time consuming.  They sacrifice 

the combustor's performance for stability.  Nevertheless, they often fail to adequately 

damp the instability.  Consequently, interest in developing active control systems (ACS) 

for damping such instabilities has increased in recent years.   
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Efforts to do this started with theoretical considerations in the 1950s (see paper 

[50] reference [2-4]), and are followed by the eventual demonstration of the feasibility of 

such control in the 1980s (see paper [50] reference [5-15]). 

A typical actively controlled combustor consist of a combustion chamber, a 

sensor, an observer, and the actuator.  The sensor detects the instability, the observer 

determines the state of the system, the controller modifies the observer's output to provide 

a signal to an actuator, and the actuator perturbs the systems in a controlled manner.   

Ideally, ACS can be effectively used in different systems, with operating 

conditions that change with time.  In addition, it would be suitable for systems whose 

behavior is not fully understood.  The ACS approach is significantly less expensive and 

more dependable than the passive approaches.   

Previously reported ACS were designed to damp instabilities consisting one or 

two modes (see paper [50] reference [14]) whose characteristics were generally assumed 

in advance.  Later, adaptive control system (see paper [50] reference [12]) were proposed 

that used an iterative scheme to optimize the controller parameters that stabilize a specific 

mode.  The performance of this controller, after a relatively long adaptation time, proved 

superior to that exhibited by the fixed-parameter controller.  However, it also, on 

occasion, destabilized stable system modes.  Moreover, since real combustors exhibites 

sudden changes in the active modes, such a controller, with its parameters optimized for a 

specific frequency, may actually amplify the oscillations when the frequency of an 

unstable mode changes.   
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To effectively suppress combustor pressure oscillations, an ACS must absorb 

energy from the system at the frequencies of the unstable modes.  Rayleigh's criterion 

[51] states that the performance of an ACS is optimized when the energy added to the 

system is out of phase by a half cycle relative to the local pressure oscillations.  Such a 

strategy can be easily implemented with an ideal actuator with no time delay between the 

input signal and the energy addition process.  However, ideal actuators that can 

instantaneously and accurately respond to input signals do not exist.  Compensatory unit 

is added to the control system to account for the actuator dynamics, if the actuator 

dynamics could be modeled.  However, the fuel injector actuators used for controlling 

combustion instability have highly complex dynamics, which are not known and cannot 

be modeled.   

Neural networks have the ability to deal with unexpected or new things when used 

on a real plant.  They are superior to the traditional control methods when a plant model 

cannot be easily expressed by a math equation.  They continuously adjust their weights to 

give a relatively optimized control signal to reach the goal, in this case, to stabilize the 

engine.   

The following steps were carried out to control combustion instability with 

learning hardware neural networks. 

1. Software simulation: 

Extensive software simulations were carried out on the neural network 

control of combustion instability.  In the simulations, two models of the 

combustion instability were tested.  Experienced combustion researchers 
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suggested the models.  The two models were undamped oscillators and limit cycle 

oscillators.  The result showed that the combustion could be stabilized under the 

neural network control.   

2. Preliminary hardware modifications and tests: 

After being assured by the software simulation, the RWC chip was 

redesigned and tested.  The modifications were to make the RWC chip more 

suitable for real-time control applications.  The original chip was designed for 

static problems and tested on digital applications.  The presented problem was a 

nonlinear, dynamic problems that required analog input and weight ranges.  The 

hardware tests were intended to verify the basic functions of the designed neural 

network, for example, the possible defect in the chip in the fabrication process, the 

appropriate data range when coordinated with the computer and the data 

acquisition cards, and how well the chip implemented the learning algorithm.  

3. Hardware chip controlling computer simulated plant: 

This was a closed-loop test on combustion instability control, with the 

hardware chip, computer-simulated combustion instability model on PC, and data 

acquisition cards in between. 

The following three chapters are devoted to the above procedures. 
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CHAPTER VI  

SOFTWARE SIMULATION OF COMBUSTION INSTABILITY CONTROL 

6.1 Introduction 

The basic simulation setup is shown in Figure 28.  The pressure of the unstable 

combustion engine is detected as the engine output x.  It goes through a tap delay line, 

where it is delayed and stored.  A series of the engine outputs is then fed to the neural 

network controller.  The neural network adjusts its weights and generates a control signal 

to stabilize the engine.  After a delay, the control signal is fed to the engine as engine 

input u.  The delay represents the actuation delay of the engine.  The error is generated by 

envelope detection of the engine output. 
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Figure 28: The Neural Network Control of Unstable Combustion Engine System 

In the software simulation, the engine was represented by differential equations, 

which were solved using Runge-Kutta method with a step size of 1/80,000 second.  The 

neural network was simulated with the same learning algorithm that was actually 

implemented by the existing hardware neural network chip. 

The software engine simulation went through the following stages, defined by the 

complexity of the engine model and the model parameters.  

• Undamped oscillator-one fixed frequency with changing damping factor 

• Undamped oscillator-two fixed frequencies with changing damping factor 
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• Limit cycle oscillator-one fixed frequency with changing damping factor and 

different limit cycle constant 

• Limit cycle oscillator with continuously changing plant parameters-frequency, 

damping factor, and limit cycle constant. 

• Limit cycle oscillator with added noise at engine output. 

The simulation results of each stage are presented and explained in the following 

sections. 

6.2 Undamped Oscillatory Plant 

6.2.1 Single Frequency 

Using the control strategy in Figure 28, a simple combustion model was first 

tested.  It assumed that the plant had a single unknown unstable oscillatory mode.  The 

plant model is expressed by the following equation: 

uxxx =+− 22 ωζω!!! , 

Equation 18 

where, x is the engine pressure output, and u is the engine input.  The oscillation 

frequency ω was 400 Hz.  The damping factor ζ was in the range of [-0.005, 0.0).  The 

damping factor in this range made the plant unstable and oscillate to infinity with 

different speed.  The combustion control signal was delayed by 0.6 times the combustion 
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oscillation period of 400 Hz.  The tap delay line had eight taps, covering a total of 2.5 

milliseconds.  The neural network has two layers.  The first layer had eight input neurons, 

one hidden neuron with fixed weight, and one output neuron.  The learning rule allowed 

the weight changes that increased the error.  The error detection was magnitude.  The 

neural network seeks to drive the combustion model output to zero.  The source code for 

the simulations are in Appendix B.1 Unbounded Oscillator-One Frequency. 

Figure 29 presents the simulated response of the hardware neural network 

controlled combustion.  Starting with an untrained network, the ζ parameter of the 

combustion model had the values in Table 11, which was a pseudo-random change in 

oscillation stability.  After the network had run for a while, the time to converge 

decreased significantly for a given ζ.  Every 5 seconds, the engine was re-assigned a 

starting state, with the engine pressure to be 0.5, and the damping factor ζ randomly 

chosen.  Table 11 lists the ζ values used at each time the combustion was reinitialized.  

The neural network, however, was NOT reset when the engine was.  So, the neural 

network remembered the weights learned during the past periods.  As time went by, the 

neural network gradually learned more and performed better and better.  This was evident 

by the time it needed to stabilize the oscillations with the same damping factor.   

For comparison, Figure 30 shows the combustion instability without the control, 

with the same set of damping factors in Table 11.  They all oscillated to a magnitude of 

1000 in less then 5 seconds, at different speed.  Figure 31 is the same as Figure 29, with 

the weight change shown. 
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Table 11: The ζ ζ ζ ζ Values 

Time ζζζζ    
0 -0.001 
5 -0.004 
10 -0.002 
15 -0.003 
20 -0.004 
25 -0.002 
30 -0.001 
35 -0.003 
40 -0.002 
45 -0.003 
50 -0.004 
55 -0.003 
60 -0.005 
65 -0.001 
70 -0.005 
75 -0.004 
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Figure 29: The Results of the Simulated Hardware Neural Network Controller 
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Figure 30: Combustion Model without the Neural Network Control 
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Figure 31: Redraw of Figure 29, with the Damping Factor and the Weight Values 

6.2.2 Multifrequency 

After the one-frequency simulation, the combustion was then modeled with two 

fixed frequencies, with changing damping factors.  The setup and simulation procedure 

were similar to the one-frequency case.  The plant was modeled by the following 

equation: 

uxxx kkkkkk =+− 22 ωωζ !!! , 

Equation 19 

where k=1,2, u is the engine input, x=x1+x2 is the engine output.  The first oscillating 

frequency was 400Hz, the second oscillating frequency was 700 Hz.  And the damping 
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factors ζ1 and ζ2 were in the range of [-0.002, 0.0].  As before, the damping factors made 

the plant oscillate to infinity.  The actuation delay was modeled as 0.6 times the lowest 

frequency, 400 Hz, which was 1.5 milliseconds.  The tapped delay line had 12 taps, which 

covered 3.75 milliseconds in time.  The neural network had 12 input neurons, two hidden 

neurons, and one output neuron.  The learning rule allowed weight changes that increased 

the error.  The error was obtained by envelope detection of the engine output.  The source 

code for the simulation is shown in Appendix B.2 Unbounded Oscillator-Two Frequency. 

The simulation result is shown in Figure 32, where the engine was reinitialized 

every 5 seconds as in the one-frequency case.  They were assigned the same initial state as 

in the one-frequency case, too.  But the damping factors were different, which are shown 

in the figure.  The result showed that, as the neural network learned, the time to converge 

improved for the same damping condition. 
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Figure 32: Two-frequency Result of the Neural Network Controlled Engine Output 

6.3 Bounded Undamped Oscillatory Plant 

6.3.1 Single Frequency 

After the neural network successfully controlled the simple oscillator model, the 

limit cycle oscillation model was used.  It presented a bounded undamped oscillatory 

plant, with added nonlinearity.  The plant was modeled by the following equation: 

uxx
b

bxx =+−+ 2
2 )(2 ωζω !!! . 

Equation 20 
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where u is the input to the engine and x is the output.  The parameter b is the limit cycle 

constant.  The effect of b is to limit the size of the undamped oscillation.  If it goes to 

infinity, the above equation becomes the undamped oscillator equation: 

uxxx =+− 22 ωζω!!! . 

Equation 21 

The engine parameters were changed every 5 seconds with the following initial 

conditions assigned: 0=x! , 5.0=x , and 0=u  as before.  The damping factor used each 

time was exactly the same set of values as before, too.  They ranged from 0.001 to 0.005, 

as shown in Table 11, but were positive in the simulation (because of the equation 

difference).  The delay was 1.5 milliseconds, which was 0.6 times the fundamental 

frequency of the oscillation equation =ω 400 Hz, and the tapped delay line had 8 taps 

and was 2.5 milliseconds long.  The neural network had eight input neurons, one hidden 

neuron with fixed weight, and one output neuron.  The learning rule allowed weight 

changes that increased the error.  The error was obtained by magnitude detection.  The 

source codes for the following simulations are in Appendix B.3 Limit Cycle Oscillator-

One Frequency. 
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b = infinity 

For b = infinity, the system is identical to the undamped oscillator for which the control 

was already demonstrated.  Figure 33 shows the result, which is exactly the same as that 

shown in Figure 29. 

 

Figure 33: The Neural Network Control of 16 Undamped Oscillators with b = 

Infinity 

b = 100 

For b = 100, the system is similar to the undamped oscillator.  Figure 34 shows 

that the network learned to suppress oscillations in less than one second after the 
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oscillation commences.  It appeared that performance is improved by b = 100, compared 

with the undamped case. 

 

Figure 34. The Neural Network Control of the Same 16 Undamped Oscillators with 

b = 100. 

b = 1 

For b = 1, the system is quite different in behavior to the undamped oscillator 

case.  Figure 35 shows that the network learned to suppress oscillations in less than one 

second after the oscillation commenced.  It appeared that performance was further 

improved by b = 1.  However, the time for the neural network to learn to control the 

equation did seem to get longer.  It seemed to take 10 seconds to begin to perform well. 
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Figure 35: The Neural Network Control of the Same 16 Undamped Oscillators with 

b = 1. 

b = 0.1 

For b = 0.1, the system demonstrated very different behavior to the undamped 

oscillator case. Figure 35 shows that the network learned to suppress oscillations in less 

than one second after the oscillation commenced.  However, it seemed that the network 

got into trouble later in the test period.  It had trouble when the more unstable equation 

parameters started to be used more often.  It seemed to recover quickly when a less 

unstable ζ  = 0.001 was used (time = 65 sec).  This condition had more severe 

nonlinearity compared with the previous conditions and thus tooke more power to solve 

the problem.  A larger neural network with more hidden layers would store more behavior 

types and might solve the problem better.  Though b=1 is a fair estimation of the real 
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combustin system, according to the experts who worked in the combustion instability 

control in aerospace engineering. 

 

Figure 36. The Neural Network Control of the Same 16 Undamped Oscillators with 

b = 0.1. 

6.3.2 Continuously Changing Plant Parameters 

Another simulation with continuous changing plant parameters was also carried 

out.  The simulation was based on the following specifications.  The neural network had 

eight inputs, three hidden neurons, and one output.  The model was the same as in the last 

section, the limit cycle model.  However, the parameters changed with time and their 

ranges were 

• frequency: 400-600 Hz, 
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• damping factor: 0-0.008, and 

• limit cycle constant: 1-100. 

The time delay was the same, 1.5 milliseconds, and the tapped delay time was also 

the same, with eight taps covering 2.5 milliseconds in time.  The source codes for the 

simulations are in Appendix B.4 Limit Cycle Oscillator-Variable Plant Parameters. 

Figure 37 and Figure 38 show the simulation result when the parameter change 

rate is 1 point per second.  It means that every second, a new value is randomly picked 

within the parameter’s predefined range and the value of the parameter between these 

randomly picked pointed is defined by linearly interpolating between the two neighbor 

points.  

Figure 37 shows the change of engine parameters and the engine output.  The 

error signal is also plotted in contrast to the engine output.  It is the low-passed signal of 

the engine output.  The engine is stabilized around 2 seconds. 

Figure 38 shows the weight change.  W1 to W8 are the weights that connected the 

input neurons (eight) to the hidden neurons (three).  Wi (i=1, 2, …, 8) are the weights that 

originated from the ith input neuron.  Since there were there hidden neurons, there were 

three weights in the array Wi.  The array V represents the weights that connect the hidden 

neurons (three) to the output neuron (one).  There were three of them.  The error signal is 

replotted at the bottom of the plot, so the change of weight can be observed clearly as the 

error changes.   
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Figure 37: The Simulation Result of Continuously Changing Plant Parameters 
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Figure 38: The Weight Change for the Above Simulation in Figure 37.   

Figure 39 and Figure 40 show a similar simulation, but with a much faster 

parameter change rate, 50 points per second.  The engine is stabilized in around 12 

seconds. 
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Figure 39: The Simulation Result of Continuously Changing Plant Parameters with 

Parameter Change Rate of 50 Points per Second 
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Figure 40: The Weight Change above Simulation in Figure 39 

Figure 41 shows a set of weights and the error signal.  The error signal appears to 

be zero after around 12 seconds; the weights are still changing.  After zooming in, the 

weights and the error are redrawn in Figure 42.  It shows that, though the error looks to be 

zero at the end of each simulating period, it is not.  The actual error is always changing, 

but its value is very small, the magnitude of which is 10e-14.  The weight changed 

according to the learning rule.  That is to keep the weight change direction if the error is 

decreasing and to pick a random change direction when the error is increasing.  In 



 92 

practical implementation, this resolution of 1e-14 might not be achieved.  Instead, the 

error can be rounded to zero when it is below a certain threshold value. 

 

Figure 41: A Set of Weights and the Error Signal 
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Figure 42: Zoom in of Figure 41 

More results are shown in Figure 43.  The left five plots show the engine outputs 

with the parameter change rate of one point per second.  The right five plots show the 

engine outputs with the parameter change rate of 50 points per second.  The engine output 

varied among each group of five plots because the parameters are randomly picked up; a 

different random sequence resulted in a different plant condition and thus the engine 

output varied. 
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Figure 43: Engine Output with Different Parameter Change Sequence, and 

Different Parameter Change Rate 

6.3.3 Noise Tolerance 

This section presents the simulation result of the neural network control of the 

simulated limit cycle, single frequency, and combustion instability model with 10% 

random noise.  The purpose of these simulations is to determine the noise tolerance of the 

system.  The 10% noise is a fair estimation of the real combustion system, according to 

the experts who worked in the combustion instability control in aerospace engineering. 

The simulation was carried out with the following conditions: 

• The two-layer feed-forward neural network had eight input neurons, three 

middle-layer neurons, and one output neuron. 

• The error was calculated by low-pass filtering three times the engine pressure 

output.  The cut-off frequencies were 400Hz, 200Hz, and 10Hz. 

• The time step to solve the engine differential equations was 12.5 microsecond.  
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• The neural network input was a delay line with a time delay between two 

nearby taps of 0.3125 millisecond.  Thus, the eight-tap delay line covered a 

total time of 2.5 milliseconds, which was one cycle of the base frequency of 

400 Hz. 

• The weights were updated every 5 millisecond.   

• The engine actuation delay time was 1 millisecond. 

• The noise added was in the range of -0.2 to 0.2.  The limit cycle engine model 

running with zero input, and 0.1 initial pressure, entered limit cycle at a 

pressure of 2, as shown in Figure 44.  So the noise was 10% of the maximum 

pressure. 

• The simulation run time was 40 seconds, and the engine output was plotted 

every 80 time steps. 

The plant parameters were as follows: the frequency was 400 Hz, the damping 

factor was 0.005, and the limit cycle constant was one.  The initial engine pressure was 

0.1, and it eventually entered a limit cycle that bonds its output to a magnitude of 2 in 

about 400 milliseconds.  Two simulation results are presented below.  They each had 

different random seeds.  The source code for the simulations is shown in Appendix B.5 

Limit Cycle Oscillator-Noise Added. 

Figure 45 shows the engine output, and Figure 46 shows all the weights of the 

neural network.  The other operating conditions were unchanged from the simulation with 

no control.  The control appeared to work.  After 20 seconds, only the noise is left in the 
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engine output.  The random seed for these figures is 89.  Figure 47 and Figure 48 are 

similar, but had a random seed of 10.  The different random seeds changed the noise, and 

the random pattern was used to adjust the weights. 

 

Figure 44: Combustion Simulation with No Control Input 

 

Figure 45: The Neural Network Control of Combustion Instability with 10% Noise 

(89) 
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Figure 46: Weight Change (89) for the simulation in Figure 45 

 

Figure 47: The Neural Network Control of Combustion Instability with 10% Noise 

(10) 
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Figure 48: Weights Change (10) for the Simulation in Figure 47 
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CHAPTER VII  

PRELIMINARY HARDWARE TESTS AND MODIFICATIONS  

7.1 Introduction 

This chapter presents the work that enabled the RWC chip to function properly, in 

preparation for it to be tested on the real-time control application.  The work included 

initial spice simulations to make the chip function at a lower voltage range than the 

previous design, initial hardware modifications to make it more suitable for real-time 

control applications, and interlaced hardware tests with algorithm and hardware 

modifications.   

The modifications were carried out interlaced with the hardware test process.  A 

series of hardware tasks was planned to verify the function of the chip.  These functions 

were essential for future tests with real-time control applications. 

The chip was tested on some simple tasks, which could tell if the chip could 

implement the algorithm and, if so, how well.  These results are important compared to 

Spice simulations.  Some issues are the voltage range of the weight, the input and output 

ranges, the learning step size, and the nonlinearity of the multiplier etc.  The tests were 

started by verifying the chip’s basic functions, including the random number shift 

register, the multiplier function, and the weight update scheme.  Then a simple training 
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test was performed.  This involved training one weight so that the neuron would output a 

desired value.  The last test was to train two weights to implement an inverter.  The 

following sections in this chapter present the tasks. 

7.2 The RWC Chip 

The original RWC chip was fabricated through MOSIS in Orbit 2-µm n-well 

process by Kenichi [12].  A modified version the chip was fabricated for real-time control 

with separated learning clocks.  Its layout is shown in Figure 49.  It contains 10x10 

weights and had 10 inputs and 10 outputs.  As shown in the chip block diagram in Figure 

50, the input pads are located at the right-hand side of the chip, and the output pads are 

located at the bottom side of the chip.  The pads at the top and left sides of the chips are 

used for voltage supplies and control signals.  The pin assignment is shown in Table 12.  

The schematic of one weight cell is shown in Figure 51.  
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Figure 49: Chip Layout 
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Figure 50: Block Diagram 
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Table 12: Chip Pin Assignment 

Pin Number Assignment Pin Number Assignment 
1 Input 5 21 Not used 
2 Input 4 22 Not used 
3 Input 3 23 Not used 
4 Input 2 24 Not used 
5 Input 1 25 Shift_out 
6 Vmw 26 Output 1 
7 Lastcap 27 Output 2 
8 VSS 28 Output 3 
9 Vsss 29 Output 4 
10 Vddd 30 Output 5 
11 VDD 31 Output 6 
12 Perm2 32 Output 7 
13 Ph2 33 Output 8 
14 Perm 34 Output 9 
15 Ph1 35 Output 10 
16 Shift_in 36 Input 10 
17 Vpw 37 Input 9 
18 Shift_out 38 Input 8 
19 Ph3 39 Input 7 
20 Not used 40 Input 6 
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Figure 51: Weight Cell Schematic 

In the schematics of a weight cell, the left part is a shift register for shifting 

random numbers.  The right part is a multiplier.  The circuits in the middle are the weight 

storage and weight modification circuits.  The weight is stored on the capacitor and is 

modified by charge sharing. 

7.3 Initial Modifications and Spice Simulations 

7.3.1 Modifications 

The learning clock ph3 was separated from the shift register clock ph1.  They 

were originally the same clock ph1.  After this modification, the last good value of the 

weight can be saved and used repeatedly, thus providing more flexibility in the algorithm 

implementation.  The detailed reason for this modification is explained in section 7.8.1 

Learning Algorithm Modifications.  The chip is sent to fabrication with this modification.  

The hardware tests were based on this version of the chip. 
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7.3.2 Spice Simulation Result 

The voltage range was originally designed to be compatible for an EEPROM 

version of the weight circuit.  The chip was modified to change the voltage range to be 

within 0 – 5v (0 – 3 v possible).  

Two major spice simulations were carried out.  One was to program the weight 

increasing and decreasing its value; the other was to find the proper range of the 

multiplier circuit.  In the simulation, practical concerns were taken into account.  For 

example, the data acquisition cards placed limits on the input and output data ranges of 

the chip.  From various software simulations and hardware tests, it was shown that the 

best way to adjust the chip to function in the desired data range was to turn off the PMOS 

that connected to VDD and perm2 and let the drain float.  The spice simulation codes for 

the above two simulations are listed in Appendix C.1: Spice Simulation Codes.   
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In the first simulation, the weight was increased and decreased as a function of 

time.  When the shift in data was 1 (5v), the weight increased; and when the shift in data 

was 0 (0v), the weight decreased.  Figure 52 shows that the weight changed with time.  

The asymmetry in the weight increasing and decreasing is not desirable, but can be 

compensated for by careful setup, as discussed later. 

 

Figure 52: Spice Simulation of Weight Increasing and Decreasing  

The second simulation tested the analog multipliers.  Figure 53 shows the results. 
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Figure 53: Spice Simulation on Multiplier 

The horizontal axis is input voltage (Vin), the vertical axis is output current (Iout), 

and the different line of the curve represents different weight values (Vw).  The multiplier 

represents a multiplying relationship as follows: Iout = Vin * Vw.  As expected, the 

multiplier is not linear and had an offset of about 0.5 v.  It is very similar to the plot 

shown in Chapter IV. 

7.4 Test Preparations 

Appendix C.2: The Hardware Specifications shows the test preparations, 

including the specification of aluminum box to prevent EM disturbance, the printed 

circuit boards (PCB) for the chip socket, the opamp circuit, and the data acquisition card. 

A fourth PCB for the 50-pin connector of the analog output card is added when moving to 

the next step of the testing, which is presented in the next chapter.  
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7.4.1 Data Acquisition Card Setup and Programming 

The two data acquisition cards for analog input and output, digital input/output, 

are listed below.  The features of these two cards are shown.   

Table 13: National Instrument AT-MIO-16E-2 

Analog Input 
12-bit resolution 
Channel-independent gains and ranges 
Software calibration 
16 single-ended, 8 differential channels 
500 Ks/s sampling rate 

Analog Output 
2 channels, 12-bit resolution 
Software calibration 

Digital I/O 
8 TTL lines 

Counter/Timers 
2up/down, 24-bit resolution 

i fTriggering 
Analog and digital 
10 PFI lines 

 

Table 14: National Instrument AT-AO-10 

Analog Output 
10 channels 
12-bit resolution 
Unipolar or bipolar voltage range 
4-20 mA current sinks 

Digital I/O 
8 TTL lines 
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Hardware Architecture 
RTSI 

 

The interface between the card and the chip, the usage of the DIO ports of the 

card, and the card programming are shown in Appendix C.3: Data Acquisition Card 

Setup and Programming. 

7.4.2 Opamp Circuit for current to Voltage Transformation 

The opamp was used to transfer the chip output current to a voltage.  The detailed 

design is shown in Appendix C.4: The Opamp Circuit for Current to Voltage 

Transformation. 

7.4.3 Initial Measurement 

The measurement of the chip when powered up is shown in Appendix C.5: 

Measurement of the Chip when Powered Up.  It was to ensure that that the chip was not 

defected due to fabrication process. 

7.5 Shift Registers 

7.5.1 Test Setup 

With the computer controlling the shifted in data, ph1, and ph2, the dynamic 

function of the shift register is tested.  The shift-out data at either pin 18 (10 delays) or 

pin 25 (100 delays) is read in from the analog input channel of the AT-MIO-16e-2 card.  
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The program to test the shift register is in Appendix C.6: Test Code in Borland 

C++, under file names reg_18.c and reg_25.c for the two different shifted out pins. 

7.5.2 Result 

The raw data that the computer collected at the shift-out pins are recorded in files, 

and the error rate is calculated.  The shift register made some error if the clock speed is 

above a certain speed, but made no error when the clock is slower than this speed.  The 

speed is corresponded to 4e4 cycles of integer multiplication, which is the method that the 

clock is implemented in the program, as shown in Appendix C.6: Test Code in Borland 

C++.  The shifted-in data and the shifted-out data are all recorded, and the error rate is 

calculated to be zero under this speed.  The test results comparing different clock speeds 

and the raw data for 35% error and 0% error are shown in Appendix C.7: Test Result for 

the Shift Register. 

7.6 Multipliers 

Before building the actual opamp circuit, the range of the multiplier output current 

is collected and verified to be within the theoretical or spice simulation range.  The 

weight is increased and decreased to its maximum or minimum.  Then, the input voltage 

is set at different values, and the plot is constructed as shown in Figure 54.  The 

horizontal axis is input voltage, with unit of V (check test data book, look at horizontal 

axis), and the vertical axis is current, with unit of µA.  
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Figure 54: Actual Multiplier Output Current Range 

As shown in the figure, the range of the current output is around +/-70 µA.  To 

allow a margin, it is rounded to +/-100 µA.  This is the same range used to design the 

opamp circuit.  Thus, the opamp circuit remained as designed and a close loop is formed.  

After the chip current output is transformed to voltage, it is read in to the input channel of 

the AI card.  The computer then read in this data, and sent out data through the AO card 

to the chip input.  The next step is to increase and decrease the weight. 
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7.7 The Weight Updating 

In this experiment, the weight is programmed to increase to its maximum value, 

then decrease to its minimum value.  The purpose is to verify the weight modification 

circuit and to find out the right biasing voltages, and ranges of the weight and the output 

voltage (transferred from the multiplier current). 

The program for this experiment is listed in Appendix C.6: Test Code in Borland 

C++, as updown.c. 

The following three biases acted together to control the range of the weight and 

the step of the weight change: the rail values of the shift register, Vddd and Vsss, and 

lastcap.  Different combinations of the above biases are tried, and the final value chosen 

is as follows: 

Table 15: A Chosen Set of Voltage Biases 

Vddd Vsss lastcap 

3 V 1 V 1.5 V 

 

Figure 55 is a hard copy from the oscilloscope, showing the weight updating using 

the above biases.  The up slope and the down slope are almost symmetrical, as shown in 

the figure. 

The weight increased when a high voltage is shifted in; it increased further when 

more 1’s are shifted in, until saturating at its high limit.  When a low voltage is shifted in, 
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the weight decreased until reaching its lower limit.  This test verified that the weight 

could be programmed to increase or decrease.  The chip is then ready to carry on the 

following step, which is to verify the chip’s learning ability.  
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Figure 55: Actual Weight Increasing and Decreasing 
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7.8 Training One Weight 

The first training task was to train one weight.  Given a fixed input, the weight 

was to be trained so that a desired output voltage could be obtained at the output of the 

one weight network.  During the experiment, various possible training methods were 

explored and compared.  Two new methods using the same chip were tested, which are 

different from the original proposed method.   

7.8.1 Learning Algorithm Modifications 

Using the capacitor coupling for trial, there are two possible methods, explained 

as follows:   

1. To implement the originally proposed learning algorithm as expressed by 

Equation 8 to Equation 10, the shift register clocks need to be stopped, so that 

the network can reuse the last change direction.   

2. If the shift register clocks are not allowed to stop, the algorithm is similar, 

except that the network cannot store the last change direction, thus cannot 

reuse it.  It can be expressed as following equations. 

)()1( trandomtW =+∆  

Equation 22 

If the error at t+1 is decreased compared to that at t, 
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)1()()1( +∆+=+ tWtWtW , 

Equation 23 

The advantage of using the capacitor coupling for trial is that the hardware can be 

programmed to either keep or discard the weight changes that increased the error.  Even 

in the second method stated above, the network can choose to keep the wrong change 

directions with a chosen probability. 

However, in the process of testing, it was found that the weight change through 

capacitor coupling was a large value compared with the range of the weight, causing a big 

learning step. This might be ok for binary types of applications, like XOR logic functions, 

but not good for applications requiring a continuous weight range.  It is desirable to have 

a small learning step. 

In addition, the weight change is transient.  For the batch mode off-line training, 

the possible input combinations are limited.  They might be able to feed to the network 

quickly enough before the weights settle back to their original values, thus the transient 

change can sustain itself long enough before determining whether it is right or wrong.  

However, for real-time control applications, there is usually an actuation delay posed in 

the system.  It is a long delay compared with the transient weight change by the coupling.  

The weights will resettle to their original values before finding out if the weight change 

direction is right.   
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Therefore, it was decided not to use the capacitor-coupling path for the trial 

weight change.  Instead, the change was made permanent every time.  When the change 

direction was right, it was used repeatedly.  This certainly would introduce some wrong 

changes.  However, since the changes were random, statistically, there was an equal 

chance to increase and decrease, and they would cancel each in the long run.  Eventually, 

the net changes were the preferred directions that decreased the error.  It would be very 

helpful though if the learning steps were very small when the error was small.  Thus, the 

weight wouldn’t wander far from the already learned good value. 

The hardware modification stated in section 7.3.1 enabled this algorithm change 

and proved more flexible for the learning process. 

7.8.2 Test Result 

The following figures show the result of training one weight with different 

training methods.  In the test, the neural network was asked to generate a 1.5V value, 

when given an input of 5V.  It was a one-weight network.  

In the following figures, the upper line is the neuron output, and the bottom line is 

the error signal, which is the difference between the actual neuron and the desired neuron 

output.  The desired neuron output is 1.5v. 

Figure 56 shows the result of using the capacitor coupling as a trial.  This is the 

original proposed training method of the circuit.  A permanent weight change was made 

only when the weight change decreased the error.   
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The second and the third methods made permanent changes every time a new 

pattern was shifted in.  If the change made the error decrease, the weight would keep on 

changing in this direction in the following iterations, until the error was increased.  The 

difference between the second method and the third method was the random pattern.  In 

the second method, a random binary pattern was generated.  Then a 1 was inserted after 

every 0, and a 0 after every 1.  It is called training with 01/10 pairs.  While in the third 

method, the binary pattern was totally random.   

Comparing these three results, method one is obviously the poorest method.  As 

shown in Figure 57 and Figure 58, methods 2 and 3 are very close, and method 2 is better 

for this task.  Later experiments showed that the totally random method was better for 

more complex networks than the 01/10 pairs.   

Traning with Capacitor Coupled Trial

0

0.5

1

1.5

2

2.5

3

3.5

4

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95

Clock Cycle

O
ut

pu
t V

ol
ta

ge

output 
error 

 

Figure 56: One Weight Training with Capacitor Coupled Trail 
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Training with 01/10 Pairs
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Figure 57: Training with 01/10 Pairs 

Training with Random Number
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Figure 58: Training with Random Number 
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The computer program for this task is given in Appendix C.6: Test Code in 

Borland C++.  The three training methods are under file names 1in_1.c, 1in_2.c, and 

1in_3.c, respectively. 

7.9 Two-input Inverter 

After being assured by that fact that one weight could be trained, and the 

appropriate learning algorithm was found, the experiment was carried one step further.  

That was to train a two-input, one-output network to implement an inverter.  It was 

configured so that one input was always held high as the reference; the second one was 

fed in with high or low and asked to generate an output that was the inverse of the second 

input.   

The computer program for this task is shown in Appendix C.6: Test Code in 

Borland C++, under file name inverter_it.c.   

In the program, the high and low are set to two actual voltage values for the 

network output to reach.  The network then is trained to minimize an error, so that when 

the error is very small, the network implemented an inverter.   

The error is defined as follows.  Suppose the desired output high is Dh, low is Dl, 

and the actual output high is Oh, and Ol; the error is calculated as follows: 

( ) ( )22
llhh ODODerror −+−=  

Equation 24 
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The author was able to catch this initial learning process from the oscilloscope.  

Figure 59, Figure 60, and Figure 61 are the different runs where the desired low and high 

are 0.5 V and 1.5V.  The gaps in the data are not errors.  They are probably due to 

computer interruption or scope transient capture.  More data for different low and high 

voltages (1 V - 2V) are shown in Appendix C.8: More Data for Inverter Testing. 
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Figure 59: Learning Process for an Inverter, with Desired High of 1.5 V and Desired 

Low of 0.5 V (Case 1) 
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Figure 60: Learning Process for an Inverter, with Desired High of 1.5 V and Desired 

Low of 0.5 V (Case 2) 
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Figure 61: Learning Process for an Inverter, with Desired High of 1.5 V and Desired 

Low of 0.5 V (Case 3) 

These figures show that, within 0.8 second, the network is trained to behave as an 

inverter with the specified high and low voltages.  The figures prove that the weights are 
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trained.  As shown in the figure, the high and low values cross each other in the process 

of learning; it means that the learned high was initially low and the learned low was 

initially high.  Therefore, it proves that the weights do learn to reach a desired value from 

the initial ones that were not desired.  The crossing is more obvious when the computer-

collected network data is plotted, as shown in Figure 62, which is for another set of data 

with different desired high (2v) and low (1v) voltages.  The error signal is also recorded 

and plotted in Figure 63. 
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Figure 62: Computer Collected Data, with the Crossing of High and Low Voltages 
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Figure 63: Computer Collected Data of the Error in the Training Process 

As shown in the figures, the network learned to implement an inverter function 

after around 140 iterations.  After the network was trained get to the desired performance, 

it tried to maintain that by continuing to adjust and learn.   

But there were some sudden changes during the process; however, the neural 

network managed to recover from it.  The reason that the weight was disturbed might be 

due to several factors.  One, the algorithm always took a trial to test the current error.  

Thus, the weight was always changed by the learning step each time it tried; too many 

wrong trials might cause the weights to drift from the learned values.  An adjustable 
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learning step proportional to the error could help.  Second might be the weight leakage 

problem; there were other possible factors too, like noise, temperature drifting, light 

affecting, etc.  But the neural network was able to correct the error fast enough to still 

maintain the function desired.   

To further study the function of the chip, several detailed slices of the training are 

shown.  Figure 64 shows about 100 ms time slice of the training process, where the 

desired low and high voltages are 0.5 V and 1.5V.  There are two signals shown in the 

plot.  One of them is the ph2 clock, the spikes shown in the figure.  A high of ph2 means 

that a new random number is sifted in.  Further, it means the error started to increase.  

The other signal is the network output; it is oscillating between high and low, since the 

input is fed with low and high alternatively.  In the figure, the trigger arrow shows where 

the time is 0 ms.  Starting from here, clock ph2 is high and a new random pattern is 

introduced.  It appeared to be a good one.  The network kept on using it and the error 

went down until it reached a point when the error is actually increasing.  Thus, it stopped 

this cycle and tried a new pattern at about 30 ms, which is shown by the second spike of 

ph2.  Unfortunately this is a bad pattern because the error increased.  Then it tried yet 

another a new pattern.  This one actually made the error decrease, so it kept this direction 

and made the same change again.  However, the second time, the error increased.  The 

network then gave up this pattern and tried a new one again.  This process kept on, and 

the result is that the network managed to stay in a position where the error is minimized.  

Though the state of the network drifted away from the already learned desirable state, it 

quickly corrected any bad change on-line.   
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Figure 64: Detailed Learning and Correction Process in the Inverter Training 
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7.10 Conclusion 

Systematically, the chip is tested to carry out its designed functions.  The above 

results verified that the neural network chip is capable of on-chip learning.   
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CHAPTER VIII  

HARDWARE CONTROL OF COMPUTER SIMULATED PLANT 

This chapter describes the successful use of a hardware neural network chip to 

control simulated combustion instability. 

8.1 Test Setup 

The test setup is shown in Figure 65.  The computer ran the program simulating 

unstable limit cycle combustion.  The chip was the RWC chip fabricated using 2-µm 

CMOS technology.  The computer and the chip were connected by two data acquisition 

cards, thus forming a closed loop.  The engine output generated by the differential 

equation models was tap delayed and sent to the input of the chip through the analog 

output card (AT-AO-10).  These input voltages were limited to the power supply range, 

0-5v.  The software program did the clipping before sending the voltage values to the 

analog output card.  These inputs were then forward propagated through the neural 

network chip and an output control signal was generated.  This output was determined by 

the weights of the neural network chip, which were adjusted according to the random 

weight change algorithm to reduce the error.  In this case, since the goal was to stabilize 

the engine, the error was determined by the magnitude of the engine output.  Since the 
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chip output was a current, it was first transformed to voltage and then read into the 

computer by the analog input card (AT-MIO-16E).   
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Figure 65: Test Setup 

The pin assignment of AT-AO-10 is shown in Appendix D.1: The Pin Assignment 

of AT-AO-10.  The test procedure is shown in Appendix D.2: The Test Procedure for the 
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Neural Network Chip Control of Simulated Combustion.  And the test code is shown in 

Appendix D.3: The Test Code in Borland C/C++ for the Neural Network Chip Control of 

Simulated Combustion. 

8.2 Test Results 

The engine instability was simulated using the nonlinear differential equations 

described by Equation 20, which were solved by a Runge-Kuta method with a time step 

of 0.125 millisecond.  The simulations were the same as the one in section 6.3.3 Noise 

Tolerance, except the source of noise.  The noise in the software simulation was added 

manually and the noise in these simulations naturally existed in the real hardware system. 

Figure 66 shows one of the test result, where the neural network chip controlling 

the simulated combustion instability with parameters as listed below. 

Table 16: Parameters for the Result shown in Figure 66 

Parameter Value 

Frequency (f) 400Hz 

Limit cycle constant (b) 0.1 

Damping factor (ζ) 0 
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The run time for the simulation was 10 seconds.  Because of the slow speed of the 

combustion process simulation, the actual time for the results to be generated was about 5 

minutes.  Thus, 1 seconds simulation time corresponds to 30 seconds of actual time. 

The first plot of the result is the engine output under the control of the RWC chip.  

The second plot of the results is the error signal used to control the learning.  A '1' means 

the error is decreasing, thus the weights should keep the last good change, a '0' means the 

error is increasing, thus the weights should change to another random number.  The plots 

show that when the chip find a good set of weight change, it keeps on using it to decrease 

the magnitude of the engine output.  It happens when the error signal remains to be '1' for 

a period of time, shown by the big gaps in the error signal plot.  Otherwise, the chip 

randomly searches for the right weight change, the error sometimes decreases, sometimes 

increases.  This happens when the error signal frequently oscillates between '0' and '1', 

indicated by the dark blocks in the error signal plot.  

These results show that the chip can stabilize the instabilities.  When the chip has 

learned, the engine pressure is limited to very small amplitude.   
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Figure 66: Result 1 on Combustion Instability Control with the Neural Network 

Chip 

Figure 67 to Figure 70 show more results generated from the same program and 

the same chip biased with the same voltages.  They are similar to the one shown in Figure 

67.  But each of them is different, due to the noise effect. 
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Figure 67: Result 2 
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Figure 68: Result 3 
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Figure 69: Result 4 
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Figure 70: Result 5 

The results show that the chip can stabilize the instabilities.  When the chip 

learned, the engine pressure is limited to very small amplitude.   

Figure 71 shows the details of the initial learning process shown in Figure 66.  At 

the first, the neural network chip could not find a good set of weight change, it was 

exploring different values.  Thus, the error signal oscillated and the engine output slowly 

blew up.  At about 0.6 second, the chip found a good set of the weight change, it made the 

engine output converge.  Thus, the error signal remained to be '1' and the chip kept on 

using this set of weight change until the weights were driven away from the optimal 
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values.  Then, the chip started to adjust it weights so that the weights stayed close to the 

optimal values. 

 

Figure 71: Details of the Initial Learning Process 

Figure 72 shows more details of the continuously adjusting process, which is also 

part of the simulation shown in Figure 66.   
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Figure 72: Details of the Continuously Adjusting Process 

The results show that the RWC chip can successfully suppress the initial blow up 

of the engine within about 0.8 second.  After which, the chip continuously adjusts on-line 

to limit the engine output to be within a small magnitude. 

8.3 Results with Longer Running Time 

The results shown in last section and the appendix recorded the first 10 seconds or 

15 seconds of the control process.  In this section, the same simulation with the same 
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parameter was run for 1 minute.  Figure 73 shows the engine output with the control of 

the neural network chip.   

 

Figure 73: Simulation with One-Minute Simulation Time 

After the oscillation was suppressed after around 1 second, the engine output was 

limited to a small magnitude, in this case around 0.2, without reoccurrence of big blow-

ups.  The residue oscillation with the magnitude less than 0.2 might be due to the noise, 

the limited resolution of the weight change step, and the limited resolution of the data 

acquisition cards.  In addition, the weights of the chip were continuously adjusted and the 

learning steps were fixed.  After the weights learned a good set of value, they were driven 
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away from the learned value, thus resulting a worse result.  Given an adjustable learning 

step that is proportional to the error, the result can be improved.  That is the feature of the 

next generation chip. 

8.4 Result with Bigger Damping Factors 

The above simulations all have a damping factor (ζ) of zero.  The results shown in 

this section have bigger damping factors, while the other parameters are shown in Table 

17.   

Table 17: Parameters - Frequency and Damping Factor 

Parameter Value 

Frequency (f) 400Hz 

Limit cycle constant (b) 1 

 

Figure 74 shows the result with damping factor of 0.001.  The chip suppresses the 

oscillation within around 1 second and limit the magnitude to be within 0.3.   
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Figure 74: Simulation Result with a Damping Factor of 0.001 

Figure 75 shows the result with damping factor of 0.002.  The chip suppresses the 

oscillation within around 1 second.  There are two big reoccurred blowups with 

magnitude of 1.8 and 0.7.  For the rest time, the engine output is limited to the magnitude 

to be within 0.5.   
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Figure 75: Result with Damping Factor of 0.002. 

As shown from Figure 73, Figure 74, and Figure 75, the chip took about 1 second 

to suppress the oscillation initially.  After which, since the weights were continuously 

adjusted, they were varied around the desired values.  It is reasonable to see that as the 

damping factor increases, the chip has harder time to limit the engine output within a 

small magnitude.  Given that the average time for the weights to return back to the 

desired values is fixed, a bigger damping factor will result in a blow up with bigger 

magnitude.  In addition, due to the I/O card delay and the software simulation time of the 

engine, 1 second simulation time corresponded to 30 seconds real time.  This causes 
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weights to decay and drives them away from the learned values.  It is expected that the 

result will be better when run on real systems where no I/O card delay and software 

simulation delay are presented.   
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CHAPTER IX  

DESIGN OF AN IMPROVED LEARNING NEURAL NETWORK CHIP 

Based on the previous experiments on real-time control, an improved learning 

neural network chip was designed for the 0.35-µm TSMC double poly process.  Because 

of the improved technology, it was feasible to put in more weight cells within the same 

the 2 x 2 mm2 tiny chip area.  This new chip was composed of two neural networks, 

resulting a total number of 720 weights.  A new feature of the chip was the variable 

learning step size, which should improve the learning performance by preventing the 

weights from drifting away the already learned values.  Another feature of the chip was 

the multiple-error-feedback scheme.  That was to partition the big network into small 

subsections, with different feedback error driving each subsection.  The following 

sections will explain the overall chip architecture, the design of the weight cell, and the 

verifying spice simulations. 

9.1 The Chip Architecture 

The layout of the improved chip is shown in Figure 76.  The architecture is 

explained by the block diagram shown in Figure 77.  The chip contained two separated 

networks.  Network A on the right-hand side had 30 inputs and 20 outputs.  The input 

pads were located at the right side of the chip, and output pads were located at the bottom 
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of the chip.  Network B on the left-hand side had 30 inputs and four outputs.  The input 

pads were located at the left side of the chip, and the output pads were located on the top 

left side of the chip.  On the top right side of the chip, there were several pads for voltage 

biasing, clocks, and other control signals.  There were a total of 102 pads. 

 

Figure 76: Layout of the Improved Chip 
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Figure 77: Block Diagram of the Chip Architecture 

The voltage supplies and the clock signals (ph1, ph2, learn) were passed to all 

the cells, while the error increase/decrease signals and the learning step sizes were 

passed to a different group of the cells.  There were three groups of cells: network B, the 

left 10 columns of network A, and the right 10 columns of network A.  Each group had its 

own error increase/decrease signal and learning step size.  However, the whole network 

was synchronized by the clock signals (ph1, ph2, and learn clock). 

The pad assignment on the top of the chip from left to right is listed in Table 18. 
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Table 18: Assignments for the Top Pads of the Chip 

Pad Function 

Bout1 Network B output 1 

Bout2 Network B output 2 

Bout3 Network B output 3 

Bout4 Network B output 4 

Vpw Multiplier positive voltage supply 

Vmw Multiplier positive voltage supply 

Vsub Substrate Bias voltage 

StepL Learning step for network B 

Step1 Learning step for left half of network A 

Step2 Learning step for right half of network A 

Vhigh High voltage supply for shift register 

Vlow High voltage supply for shift register 

Learn Learning signal to change weight 

Feedthr Clocking signal to reduce the clock feed through effect 

PhrL Error increase or decrease signal for network B 

Phr1 Error increase or decrease signal for left half of network A 

Phr2 Error increase or decrease signal for right half of network A 

Shift_in Random number to be shifted through the shift registers 

Ph2 Phase 2 clock for shift register 

Ph1 Phase 1 clock for shift register, non overlapping with phase 2 clock. 

Sh_out_1row Random number shifted out at the end of 1 row of the cell array 

Sh_out_end Random number shifted out at the end of last cell of the array 
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9.2 Design of the Weight Cell  

The cell schematic is shown in Figure 78.  

 

Figure 78: Cell Schematics of the Improved Chip 

9.2.1 Clocking Scheme 

The left part of the cell was a shift register.  In the previous design, two inverters 

were used to shift the random number throughout the cell array.  In this design, only one 

inverter was used for this purpose.  The random numbers were shifted to the next cell at 

the end of the first inverter.  This design saved an inverter for each cell; the trade-off was 

that two nonoverlapping clocks were needed for adjacent cells in order to shift the 
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random number through the cell array.  In addition, the random numbers for two adjacent 

cells were inverted with each other, which should not be a problem at all.  However, there 

were still two inverters.  The second inverter did not participate in the random number 

shifting work.  It saved the last good random number for this particular cell, and the cell 

could use it repeatedly, without stopping the shift register clock.  The clock that 

controlled this inverter was the error increase/decrease signal, which was different from 

the cell in one group from the cell in other groups, though the operation of the whole chip 

was synchronized. 

9.2.2 Learning with Adjustable Step Size 

The improved chip used current source and sink to charge and discharge the 

capacitor that stored the weight voltage.  The size of the current controlled how much the 

capacitor value was changed, thus controlling the learning step size of the neural network.  

The value of the current was set so that it was proportional to the error signal to be 

minimized.  Therefore, the learning step size was controllable and could be adjusted 

according to the error size, as expected.   

There were three error signals fed to three groups of the cell.  For the cells in 

different groups, even though the error increase/decrease signals were different and the 

learning step sizes were different, the operation of all the cells were synchronized by the 

ph1, ph2, and learn clock.  The detailed clocking scheme is shown in the next section in 

the spice simulation result. 
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9.3 Spice Simulations 

After copying the chip to a flat layout, the whole chip was extracted and the 

following verification spice simulations were performed.   

To start a transient simulation, Spice first calculated a DC bias point of the whole 

circuit.  However, the simulation didn't converge at first.  To overcome this problem, a 

ramp function is used for all the signals into the chip.  Thus, the whole chip was initially 

biased to ground.  Then, the voltage supplies were ramped up gradually.   

The spice simulations are presented in the following sections.  The first section 

shows the verification of the correction function of shift registers, which is essential for 

the neural network to implement the learning algorithm correctly.  The second section 

shows the clocking scheme and how the chip functions.  The third section shows the 

weight modifications according to the shifted in the random numbers.  The last section 

shows that the currents at the output pads vary with time, as the weights are changed. 

The spice simulation code is shown in Appendix E.1 Spice Simulation Code for 

the Improved Chip.  Since the extracted files are big, only the stimulus signals added by 

the author and the spice model for NMOS and PMOS are included. 

9.3.1 Clocking Scheme 

The clocking scheme is shown in Figure 79.  The first plot is the random number 

shifted in, the second plot is ph1, and the third plot is ph2.  Ph1 and ph2 are two non-

overlapping clocks that control the adjacent cells to shift the random numbers throughout 

the cell array.  Learn clock is shown in the fourth plot.  Although any two adjacent cells 
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have different shift register clocks, either ph1 or ph2, they share the same learn clock.  

The learning cycle in this simulation is 20 µs.  The phrL, phr1, and phr2 in the bottom 

plot reflect the error increase/decrease signal for three subgroups of cells.  In this case, 

they are connected and are set high in every designated time slot.  High means the 

subgroup is shifting new random numbers into each cell.  This happens when the error is 

increased.  If the error is decreased, these clocks can be low at the designated time slot.  

In addition, the three clocks can be different at each slot, although what is shown here is 

the condition that all of them are always high at each designated time slot. 
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Figure 79: Clocking Scheme 

9.3.2 Shift Register 

The simulation result shown in Figure 80 proves the correct function of the shift 

registers.  A random pattern is fed at the input of the first shift register.  The same pattern 

is expected to read out at the end of the first row and at the very end of the whole cell 

array, with the correct time delays respectively.  As shown in the top plot, the first high at 
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the input of the shift register appears at 1.01ms in time.  In the second plot, the shift 

register output at the end of the first row changes to be high at 1.48 ms..  Since there are a 

total of 24 cells in each row, and the clock cycle for each shift register to update to a new 

value is 20 µs, as shown in previous section.  It proves that this delay time is right.  The 

output at the very end of the cell array has a delay of 15.4ms.  Since there are a total of 

720 cells in the array, this delay time is also correct.  These results prove that the shift 

registers function as designed.  
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Figure 80: Function of the Shift Registers 

9.3.3 Weight Updating 

The following result in Figure 81 shows the weights are increased and decreased 

according to the random patterns.  A high means decreasing the weight, because a high 

opens the NMOS transistor and the current sink is connected to the weight capacitor.  

Thus, the voltage across the capacitor is decreased and vice versa.   
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Figure 81: Weight Increases or Decreases According to the Random Numbers 

9.3.4 Current Output at Pads 

The current output at pads Figure 82 shows how the current is changed for fixed 

inputs, as the weights changes according the random pattern.  It also verifies the layout, in 

that the output currents are connected to the appropriate pads. 
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Figure 82: Current Outputs at Pads 
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CHAPTER X  

CONCLUSION AND FUTURE WORK 

10.1 Summary of Research 

The goal of the research is to implement fully parallel hardware neural network 

with on-chip learning ability and apply it to real-time control applications.  After a 

literature search, the author chose a hardware-friendly learning algorithm, the RWC 

algorithm, then modified the original RWC chip to make it more suitable for real-time 

applications.   

Software simulations were carried out to prove that the RWC algorithm was 

insensitive to analog circuit nonlinearity.  Simulations indicated that the RWC algorithm 

was able to control an induction motor on-line to generate desired output stator current, 

despite the analog circuit nonlinearity. 

Another real-time application considered in the research was the combustion 

instability control in a jet or rocket engine.  This is a dynamic nonlinear system, which 

can be very hard to control using traditional control methods.  On the other hand, it is a 

good application where the neural network control can be introduced.   

Extensive software simulations were carried out, using the RWC algorithm to 

control the combustion instability.  The simulation results proved that the RWC algorithm 
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worked with this application.  The RWC algorithm was proved to be working with XOR, 

3 bit D/A problems, before this research.  However, this was the first time that the 

algorithm was proved to function with a real-time problem in simulation.   

The modified RWC chip was then fabricated.  A series of preliminary hardware 

tests was carried out.  They proved that the chip implemented the RWC algorithm.  It 

could operate in a fully parallel manner and had the on-chip learning ability. 

The last step was to apply the RWC chip to control a computer-simulated 

combustion.  The RWC chip was able to successfully suppress the oscillation, it 

functioned similarly to the software simulation.  This was the first time that an analog 

neural network chip was tested to control a simulated dynamic, nonlinear system 

successfully [7] [8] [12] [13] [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] [24] [25] 

[26] [27] [28] [29] [30] [31] [32] [33] [35] [36] [37] [38] [39] [40] [41] [42] [43] [44] 

[48]. 

10.2 Future Work 

There are two aspects of the future work.  One is related to the new neural 

network chip design.  The other is related to the application of the new generation chip to 

control real systems.   

For the chip design, the future work involves fabrication of the new chip and 

hardware test to verify basic chip functions.  Further development of the chip can include 
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on-chip nonvolatile memories, which may be combined with digital/analog weights or 

EEPROM weights.  

Application wise, there are two tasks that the new chip can be tested on.  The first 

step would be a simple real-time system.  After this succeeds, the chip can be applied to 

the real combustion system. 

10.3 Conclusion 

Overall, the author achieved the proposed research goal, which was to implement 

and apply fully parallel learning neural network chips to real-time control applications. 

During the research, extensive software simulations were carried out to prove that 

the RWC algorithm was a hardware-friendly learning algorithm.  It successfully 

controlled two real-time systems, induction motor current control and combustion 

instability control, despite the analog circuit nonidealities. 

The proposed real-time control scheme with the neural network provided a good 

solution for the problem of combustion instability control, which is a difficult problem in 

the aerospace control area.  Furthermore, the proposed neural network controller was a 

general-purpose controller, which means that the successful application to this problem 

could provide potential solutions for real-time control of other nonlinear dynamic 

systems. 

After modification, the improved RWC chip was more suitable for real-time 

control applications.  It was tested to successfully control simulated combustion 
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instability.  This was the first time that an analog neural network chip is tested on a real-

time application and proved to function successfully. 
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APPENDIX A.1 NONLINEAR MULTIPLIER SIMULATION CODE 

Note: The *.m files are originally created by B. Burton, F. Kamran etct. [47].  Some minor modification is 
made.  The *.c and *.h files are created by myself. 
*.c files 
/* 
fprop.c 
Jin Liu 
1996 
*/ 
 
#include <math.h> 
#include <stdio.h> 
#include "cmex.h" 
#include "fprop.h" 
 
/* Input Arguments */ 
#define x_IN prhs[0] 
#define W_IN prhs[1] 
#define V_IN prhs[2] 
 
 
/* Output Arguments */ 
#define y_OUT plhs[0] 
#define d_OUT plhs[1] 
 
unsigned int xm,xn,Wm,Wn,Vm,Vn; 
 
  
double spline(n,x,y,xx) 
int n; 
double *x,*y,xx; 
{ 
int i; 
for(i=0;i<n;i++) 
        if(xx==x[i]) 
                return(y[i]); 
if(xx<x[0]) 
 { 
 if(n==51) 
  return(0.0); 
 else 
         return(y[0]+(y[1]-y[0])/(x[1]-x[0])*(xx-x[0])); 
 } 
else if(xx>x[n-1]) 
        return(y[n-1]+(y[n-2]-y[n-1])/(x[n-2]-x[n-1])*(xx-x[n-1])); 
else if(xx<x[n-1]&&xx>x[0]) 
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 { 
 i=floor((xx-x[0])/0.1); 
 return(y[i]+(y[i+1]-y[i])/(x[i+1]-x[i])*(xx-x[i])); 
 } 
printf("Something wrong.\n"); 
exit(0); 
} 
double multinl(xtest,wtest) 
double xtest, wtest; 
{ 
int i,j; 
double yc; 
double allyc[21]; 
double yy_da[51]; 
for(i=0;i<21;i++) 
        { 
        for(j=0;j<51;j++) 
                yy_da[j]=y_da[i*51+j]; 
        allyc[i]=spline(51,x_da,yy_da,xtest); 
        } 
yc=spline(21, w_da,allyc,wtest); 
return(yc); 
} 
 
static 
#ifdef __STDC__ 
void multiply( 
 double *yy, 
 double *WW, 
 double *xx, 
 int WWm, 
 int WWn, 
 int xxn 
 ) 
#else 
multiply(yy,WW,xx,WWm,WWn,xxn) 
double *yy,*WW,*xx;  
int WWm,WWn,xxn; 
#endif 
{ 
int i,j,k; 
double temp; 
    for(i=0;i<WWm;i++) 
    for(j=0;j<xxn;j++) 
    for(k=0;k<WWn;k++) 
 { 
 temp=multinl(xx[j*WWn+k],WW[k*WWm+i]); 
        yy[j*WWm+i] += temp;  
 } 
/* 
        yy[j*WWm+i] += (WW[k*WWm+i]-7)*(xx[j*WWn+k]-5)/2.5; 
*/ 
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} 
 
 
 
 
static 
#ifdef __STDC__ 
void fprop( 
 Matrix *ydm; 
 Matrix *ddm; 
 Matrix *xdm; 
 Matrix *Wdm; 
 Matrix *Vdm; 
 ) 
#else 
fprop(ydm,ddm,xdm,Wdm,Vdm) 
Matrix *ydm, *ddm, *xdm, *Wdm, *Vdm; 
#endif 
{ 
int i,j,k; 
double *buf; 
double *y,*d,*x,*W,*V;  
Matrix *lhs[1], *rhs[2]; 
int nlhs, nrhs; 
y = mxGetPr(ydm); 
d = mxGetPr(ddm); 
x = mxGetPr(xdm); 
W = mxGetPr(Wdm); 
V = mxGetPr(Vdm); 
buf=(double *)malloc((xm*xn)*sizeof(double)); 
for(i=0;i<xm*xn;i++) 
 buf[i]=1.0/(1.0+exp(-x[i]))*5+2.5;      
for(i=0;i<Wm*xn;i++) 
 d[i]=0; 
if(Wn!=xm) 
    mex_error("The dimension of the two matrixes are not fit for multiply."); 
else 
 multiply(d,W,buf,Wm,Wn,xn); 
 
for(i=0;i<Wm*xn;i++) 
 d[i]=1.0/(1.0+exp(-d[i]))*5.0+2.5;  
 
for(i=0;i<Vm*xn;i++) 
 y[i]=0; 
if(Vn!=Wm) 
    mex_error("The dimension of the two matrixes are not fit for multiply."); 
else 
 multiply(y,V,d,Vm,Vn,xn); 
return; 
} 
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#ifdef __STDC__ 
void mexFunction( 
 int  nlhs, 
 Matrix *plhs[], 
 int  nrhs, 
 Matrix *prhs[] 
 ) 
#else 
mexFunction(nlhs, plhs, nrhs, prhs) 
int nlhs, nrhs; 
Matrix *plhs[], *prhs[]; 
#endif 
{ 
 double *y,*d,*x,*W,*V; 
 int i,j; 
 
 /* Check for proper number of arguments */ 
 
 if (nrhs != 3) { 
  mex_error("nadd requires three input arguments."); 
 } else if (nlhs !=2 ) { 
  mex_error("nadd requires two output argument."); 
 } 
 
 
 
 xm = mxGetM(x_IN); 
 xn = mxGetN(x_IN); 
 Wm = mxGetM(W_IN); 
 Wn = mxGetN(W_IN); 
 Vm = mxGetM(V_IN); 
 Vn = mxGetN(V_IN); 
 
 /* Create a matrix for the return argument */ 
 
 y_OUT = mxCreateFull(Vm, xn, REAL); 
 d_OUT = mxCreateFull(Wm, xn, REAL); 
 
 
 /* Assign pointers to the various parameters */ 
 
 
 
 /* Do the actual computations in a subroutine */ 
 fprop(y_OUT,d_OUT,x_IN,W_IN,V_IN); 
 return; 
} 
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/* 
spline.c 
Jin Liu 
1996 
*/ 
 
 
#include <stdio.h> 
 
static double wm[5]={6.2,6.6,7,7.4,7.8}; 
 
static double xm[10]={2.5,   3,   3.5,   4,   4.5,   5,   5.5,   6,    6.5,  7}; 
 
static double ym[50]= 
   {0,     5,   9,    13,  16,    18,  20.5,  21.5,22.5,23.5 , 
    0,     2.5, 5,    6.5, 8,     9 , 10   , 10.5 ,12 ,   12.5, 
    0,     0,   0,     0,   0,     0,   0  ,   0   , 0,     0, 
    0,    -3,  -5,    -7,  -8.5, -10, -11  , -11.5 ,-12,  -12.5, 
    0,    -5,  -9,   -13, -16,    -18, -20 ,  -21.5 ,-23,  -25   }; 
 
double spline(n,x,y,xx) 
int n; 
double *x,*y,xx; 
{ 
int i; 
for(i=0;i<n;i++) 
 if(xx==x[i]) 
  return(y[i]); 
if(xx<x[0]||xx>x[n-1]) 
 { 
 fprintf(stderr,"The x value for spline function is out of range.\n"); 
 exit(0); 
 } 
for(i=0;i<n-1;i++) 
 if(xx>x[i]&&xx<x[i+1]) 
  return(y[i]+(y[i+1]-y[i])/(x[i+1]-x[i])*(xx-x[i])); 
fprintf(stderr,"Something WRONG.\n"); 
exit(0); 
} 
main() 
{ 
int i,j; 
double xtest,wtest,yc; 
double allyc[5]; 
double yy[10]; 
xtest=4.0; 
wtest=7.2; 
for(i=0;i<5;i++) 
 { 
 for(j=0;j<10;j++) 
  yy[j]=ym[i*10+j]; 
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 allyc[i]=spline(10,xm,yy,xtest); 
 } 
yc=spline(5, wm,allyc,wtest); 
printf("output=%f\n",yc); 
} 
 
.h files 
/* 
fprop.h 
Jin Liu 
1996 
*/ 
static double 
y_da[1071]={ 
 1.000000, 
0.960000, 
0.920000, 
0.880000, 
0.840000, 
0.800000, 
0.760000, 
0.720000, 
0.680000, 
0.640000, 
0.600000, 
0.560000, 
0.520000, 
0.480000, 
0.440000, 
0.400000, 
0.360000, 
0.320000, 
0.280000, 
0.240000, 
0.200000, 
0.160000, 
0.120000, 
0.080000, 
0.040000, 
0.000000, 
-0.040000, 
-0.080000, 
-0.120000, 
-0.160000, 
-0.200000, 
-0.240000, 
-0.280000, 
-0.320000, 
-0.360000, 
-0.400000, 
-0.440000, 
-0.480000, 

-0.520000, 
-0.560000, 
-0.600000, 
-0.640000, 
-0.680000, 
-0.720000, 
-0.760000, 
-0.800000, 
-0.840000, 
-0.880000, 
-0.920000, 
-0.960000, 
-1.000000, 
0.900000, 
0.864000, 
0.828000, 
0.792000, 
0.756000, 
0.720000, 
0.684000, 
0.648000, 
0.612000, 
0.576000, 
0.540000, 
0.504000, 
0.468000, 
0.432000, 
0.396000, 
0.360000, 
0.324000, 
0.288000, 
0.252000, 
0.216000, 
0.180000, 
0.144000, 
0.108000, 
0.072000, 
0.036000, 
0.000000, 
-0.036000, 

-0.072000, 
-0.108000, 
-0.144000, 
-0.180000, 
-0.216000, 
-0.252000, 
-0.288000, 
-0.324000, 
-0.360000, 
-0.396000, 
-0.432000, 
-0.468000, 
-0.504000, 
-0.540000, 
-0.576000, 
-0.612000, 
-0.648000, 
-0.684000, 
-0.720000, 
-0.756000, 
-0.792000, 
-0.828000, 
-0.864000, 
-0.900000, 
0.800000, 
0.768000, 
0.736000, 
0.704000, 
0.672000, 
0.640000, 
0.608000, 
0.576000, 
0.544000, 
0.512000, 
0.480000, 
0.448000, 
0.416000, 
0.384000, 
0.352000, 
0.320000, 

0.288000, 
0.256000, 
0.224000, 
0.192000, 
0.160000, 
0.128000, 
0.096000, 
0.064000, 
0.032000, 
0.000000, 
-0.032000, 
-0.064000, 
-0.096000, 
-0.128000, 
-0.160000, 
-0.192000, 
-0.224000, 
-0.256000, 
-0.288000, 
-0.320000, 
-0.352000, 
-0.384000, 
-0.416000, 
-0.448000, 
-0.480000, 
-0.512000, 
-0.544000, 
-0.576000, 
-0.608000, 
-0.640000, 
-0.672000, 
-0.704000, 
-0.736000, 
-0.768000, 
-0.800000, 
0.700000, 
0.672000, 
0.644000, 
0.616000, 
0.588000, 

0.560000, 
0.532000, 
0.504000, 
0.476000, 
0.448000, 
0.420000, 
0.392000, 
0.364000, 
0.336000, 
0.308000, 
0.280000, 
0.252000, 
0.224000, 
0.196000, 
0.168000, 
0.140000, 
0.112000, 
0.084000, 
0.056000, 
0.028000, 
0.000000, 
-0.028000, 
-0.056000, 
-0.084000, 
-0.112000, 
-0.140000, 
-0.168000, 
-0.196000, 
-0.224000, 
-0.252000, 
-0.280000, 
-0.308000, 
-0.336000, 
-0.364000, 
-0.392000, 
-0.420000, 
-0.448000, 
-0.476000, 
-0.504000, 
-0.532000, 
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-0.560000, 
-0.588000, 
-0.616000, 
-0.644000, 
-0.672000, 
-0.700000, 
0.600000, 
0.576000, 
0.552000, 
0.528000, 
0.504000, 
0.480000, 
0.456000, 
0.432000, 
0.408000, 
0.384000, 
0.360000, 
0.336000, 
0.312000, 
0.288000, 
0.264000, 
0.240000, 
0.216000, 
0.192000, 
0.168000, 
0.144000, 
0.120000, 
0.096000, 
0.072000, 
0.048000, 
0.024000, 
0.000000, 
-0.024000, 
-0.048000, 
-0.072000, 
-0.096000, 
-0.120000, 
-0.144000, 
-0.168000, 
-0.192000, 
-0.216000, 
-0.240000, 
-0.264000, 
-0.288000, 
-0.312000, 
-0.336000, 
-0.360000, 
-0.384000, 
-0.408000, 
-0.432000, 
-0.456000, 
-0.480000, 

-0.504000, 
-0.528000, 
-0.552000, 
-0.576000, 
-0.600000, 
0.500000, 
0.480000, 
0.460000, 
0.440000, 
0.420000, 
0.400000, 
0.380000, 
0.360000, 
0.340000, 
0.320000, 
0.300000, 
0.280000, 
0.260000, 
0.240000, 
0.220000, 
0.200000, 
0.180000, 
0.160000, 
0.140000, 
0.120000, 
0.100000, 
0.080000, 
0.060000, 
0.040000, 
0.020000, 
0.000000, 
-0.020000, 
-0.040000, 
-0.060000, 
-0.080000, 
-0.100000, 
-0.120000, 
-0.140000, 
-0.160000, 
-0.180000, 
-0.200000, 
-0.220000, 
-0.240000, 
-0.260000, 
-0.280000, 
-0.300000, 
-0.320000, 
-0.340000, 
-0.360000, 
-0.380000, 
-0.400000, 
-0.420000, 

-0.440000, 
-0.460000, 
-0.480000, 
-0.500000, 
0.400000, 
0.384000, 
0.368000, 
0.352000, 
0.336000, 
0.320000, 
0.304000, 
0.288000, 
0.272000, 
0.256000, 
0.240000, 
0.224000, 
0.208000, 
0.192000, 
0.176000, 
0.160000, 
0.144000, 
0.128000, 
0.112000, 
0.096000, 
0.080000, 
0.064000, 
0.048000, 
0.032000, 
0.016000, 
0.000000, 
-0.016000, 
-0.032000, 
-0.048000, 
-0.064000, 
-0.080000, 
-0.096000, 
-0.112000, 
-0.128000, 
-0.144000, 
-0.160000, 
-0.176000, 
-0.192000, 
-0.208000, 
-0.224000, 
-0.240000, 
-0.256000, 
-0.272000, 
-0.288000, 
-0.304000, 
-0.320000, 
-0.336000, 
-0.352000, 

-0.368000, 
-0.384000, 
-0.400000, 
0.300000, 
0.288000, 
0.276000, 
0.264000, 
0.252000, 
0.240000, 
0.228000, 
0.216000, 
0.204000, 
0.192000, 
0.180000, 
0.168000, 
0.156000, 
0.144000, 
0.132000, 
0.120000, 
0.108000, 
0.096000, 
0.084000, 
0.072000, 
0.060000, 
0.048000, 
0.036000, 
0.024000, 
0.012000, 
0.000000, 
-0.012000, 
-0.024000, 
-0.036000, 
-0.048000, 
-0.060000, 
-0.072000, 
-0.084000, 
-0.096000, 
-0.108000, 
-0.120000, 
-0.132000, 
-0.144000, 
-0.156000, 
-0.168000, 
-0.180000, 
-0.192000, 
-0.204000, 
-0.216000, 
-0.228000, 
-0.240000, 
-0.252000, 
-0.264000, 
-0.276000, 

-0.288000, 
-0.300000, 
0.200000, 
0.192000, 
0.184000, 
0.176000, 
0.168000, 
0.160000, 
0.152000, 
0.144000, 
0.136000, 
0.128000, 
0.120000, 
0.112000, 
0.104000, 
0.096000, 
0.088000, 
0.080000, 
0.072000, 
0.064000, 
0.056000, 
0.048000, 
0.040000, 
0.032000, 
0.024000, 
0.016000, 
0.008000, 
0.000000, 
-0.008000, 
-0.016000, 
-0.024000, 
-0.032000, 
-0.040000, 
-0.048000, 
-0.056000, 
-0.064000, 
-0.072000, 
-0.080000, 
-0.088000, 
-0.096000, 
-0.104000, 
-0.112000, 
-0.120000, 
-0.128000, 
-0.136000, 
-0.144000, 
-0.152000, 
-0.160000, 
-0.168000, 
-0.176000, 
-0.184000, 
-0.192000, 
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-0.200000, 
0.100000, 
0.096000, 
0.092000, 
0.088000, 
0.084000, 
0.080000, 
0.076000, 
0.072000, 
0.068000, 
0.064000, 
0.060000, 
0.056000, 
0.052000, 
0.048000, 
0.044000, 
0.040000, 
0.036000, 
0.032000, 
0.028000, 
0.024000, 
0.020000, 
0.016000, 
0.012000, 
0.008000, 
0.004000, 
0.000000, 
-0.004000, 
-0.008000, 
-0.012000, 
-0.016000, 
-0.020000, 
-0.024000, 
-0.028000, 
-0.032000, 
-0.036000, 
-0.040000, 
-0.044000, 
-0.048000, 
-0.052000, 
-0.056000, 
-0.060000, 
-0.064000, 
-0.068000, 
-0.072000, 
-0.076000, 
-0.080000, 
-0.084000, 
-0.088000, 
-0.092000, 
-0.096000, 
-0.100000, 

0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.000000, 
-0.100000, 

-0.096000, 
-0.092000, 
-0.088000, 
-0.084000, 
-0.080000, 
-0.076000, 
-0.072000, 
-0.068000, 
-0.064000, 
-0.060000, 
-0.056000, 
-0.052000, 
-0.048000, 
-0.044000, 
-0.040000, 
-0.036000, 
-0.032000, 
-0.028000, 
-0.024000, 
-0.020000, 
-0.016000, 
-0.012000, 
-0.008000, 
-0.004000, 
-0.000000, 
0.004000, 
0.008000, 
0.012000, 
0.016000, 
0.020000, 
0.024000, 
0.028000, 
0.032000, 
0.036000, 
0.040000, 
0.044000, 
0.048000, 
0.052000, 
0.056000, 
0.060000, 
0.064000, 
0.068000, 
0.072000, 
0.076000, 
0.080000, 
0.084000, 
0.088000, 
0.092000, 
0.096000, 
0.100000, 
-0.200000, 
-0.192000, 

-0.184000, 
-0.176000, 
-0.168000, 
-0.160000, 
-0.152000, 
-0.144000, 
-0.136000, 
-0.128000, 
-0.120000, 
-0.112000, 
-0.104000, 
-0.096000, 
-0.088000, 
-0.080000, 
-0.072000, 
-0.064000, 
-0.056000, 
-0.048000, 
-0.040000, 
-0.032000, 
-0.024000, 
-0.016000, 
-0.008000, 
-0.000000, 
0.008000, 
0.016000, 
0.024000, 
0.032000, 
0.040000, 
0.048000, 
0.056000, 
0.064000, 
0.072000, 
0.080000, 
0.088000, 
0.096000, 
0.104000, 
0.112000, 
0.120000, 
0.128000, 
0.136000, 
0.144000, 
0.152000, 
0.160000, 
0.168000, 
0.176000, 
0.184000, 
0.192000, 
0.200000, 
-0.300000, 
-0.288000, 
-0.276000, 

-0.264000, 
-0.252000, 
-0.240000, 
-0.228000, 
-0.216000, 
-0.204000, 
-0.192000, 
-0.180000, 
-0.168000, 
-0.156000, 
-0.144000, 
-0.132000, 
-0.120000, 
-0.108000, 
-0.096000, 
-0.084000, 
-0.072000, 
-0.060000, 
-0.048000, 
-0.036000, 
-0.024000, 
-0.012000, 
-0.000000, 
0.012000, 
0.024000, 
0.036000, 
0.048000, 
0.060000, 
0.072000, 
0.084000, 
0.096000, 
0.108000, 
0.120000, 
0.132000, 
0.144000, 
0.156000, 
0.168000, 
0.180000, 
0.192000, 
0.204000, 
0.216000, 
0.228000, 
0.240000, 
0.252000, 
0.264000, 
0.276000, 
0.288000, 
0.300000, 
-0.400000, 
-0.384000, 
-0.368000, 
-0.352000, 
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-0.336000, 
-0.320000, 
-0.304000, 
-0.288000, 
-0.272000, 
-0.256000, 
-0.240000, 
-0.224000, 
-0.208000, 
-0.192000, 
-0.176000, 
-0.160000, 
-0.144000, 
-0.128000, 
-0.112000, 
-0.096000, 
-0.080000, 
-0.064000, 
-0.048000, 
-0.032000, 
-0.016000, 
-0.000000, 
0.016000, 
0.032000, 
0.048000, 
0.064000, 
0.080000, 
0.096000, 
0.112000, 
0.128000, 
0.144000, 
0.160000, 
0.176000, 
0.192000, 
0.208000, 
0.224000, 
0.240000, 
0.256000, 
0.272000, 
0.288000, 
0.304000, 
0.320000, 
0.336000, 
0.352000, 
0.368000, 
0.384000, 
0.400000, 
-0.500000, 
-0.480000, 
-0.460000, 
-0.440000, 
-0.420000, 

-0.400000, 
-0.380000, 
-0.360000, 
-0.340000, 
-0.320000, 
-0.300000, 
-0.280000, 
-0.260000, 
-0.240000, 
-0.220000, 
-0.200000, 
-0.180000, 
-0.160000, 
-0.140000, 
-0.120000, 
-0.100000, 
-0.080000, 
-0.060000, 
-0.040000, 
-0.020000, 
-0.000000, 
0.020000, 
0.040000, 
0.060000, 
0.080000, 
0.100000, 
0.120000, 
0.140000, 
0.160000, 
0.180000, 
0.200000, 
0.220000, 
0.240000, 
0.260000, 
0.280000, 
0.300000, 
0.320000, 
0.340000, 
0.360000, 
0.380000, 
0.400000, 
0.420000, 
0.440000, 
0.460000, 
0.480000, 
0.500000, 
-0.600000, 
-0.576000, 
-0.552000, 
-0.528000, 
-0.504000, 
-0.480000, 

-0.456000, 
-0.432000, 
-0.408000, 
-0.384000, 
-0.360000, 
-0.336000, 
-0.312000, 
-0.288000, 
-0.264000, 
-0.240000, 
-0.216000, 
-0.192000, 
-0.168000, 
-0.144000, 
-0.120000, 
-0.096000, 
-0.072000, 
-0.048000, 
-0.024000, 
-0.000000, 
0.024000, 
0.048000, 
0.072000, 
0.096000, 
0.120000, 
0.144000, 
0.168000, 
0.192000, 
0.216000, 
0.240000, 
0.264000, 
0.288000, 
0.312000, 
0.336000, 
0.360000, 
0.384000, 
0.408000, 
0.432000, 
0.456000, 
0.480000, 
0.504000, 
0.528000, 
0.552000, 
0.576000, 
0.600000, 
-0.700000, 
-0.672000, 
-0.644000, 
-0.616000, 
-0.588000, 
-0.560000, 
-0.532000, 

-0.504000, 
-0.476000, 
-0.448000, 
-0.420000, 
-0.392000, 
-0.364000, 
-0.336000, 
-0.308000, 
-0.280000, 
-0.252000, 
-0.224000, 
-0.196000, 
-0.168000, 
-0.140000, 
-0.112000, 
-0.084000, 
-0.056000, 
-0.028000, 
-0.000000, 
0.028000, 
0.056000, 
0.084000, 
0.112000, 
0.140000, 
0.168000, 
0.196000, 
0.224000, 
0.252000, 
0.280000, 
0.308000, 
0.336000, 
0.364000, 
0.392000, 
0.420000, 
0.448000, 
0.476000, 
0.504000, 
0.532000, 
0.560000, 
0.588000, 
0.616000, 
0.644000, 
0.672000, 
0.700000, 
-0.800000, 
-0.768000, 
-0.736000, 
-0.704000, 
-0.672000, 
-0.640000, 
-0.608000, 
-0.576000, 

-0.544000, 
-0.512000, 
-0.480000, 
-0.448000, 
-0.416000, 
-0.384000, 
-0.352000, 
-0.320000, 
-0.288000, 
-0.256000, 
-0.224000, 
-0.192000, 
-0.160000, 
-0.128000, 
-0.096000, 
-0.064000, 
-0.032000, 
-0.000000, 
0.032000, 
0.064000, 
0.096000, 
0.128000, 
0.160000, 
0.192000, 
0.224000, 
0.256000, 
0.288000, 
0.320000, 
0.352000, 
0.384000, 
0.416000, 
0.448000, 
0.480000, 
0.512000, 
0.544000, 
0.576000, 
0.608000, 
0.640000, 
0.672000, 
0.704000, 
0.736000, 
0.768000, 
0.800000, 
-0.900000, 
-0.864000, 
-0.828000, 
-0.792000, 
-0.756000, 
-0.720000, 
-0.684000, 
-0.648000, 
-0.612000, 
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-0.576000, 
-0.540000, 
-0.504000, 
-0.468000, 
-0.432000, 
-0.396000, 
-0.360000, 
-0.324000, 
-0.288000, 
-0.252000, 
-0.216000, 
-0.180000, 
-0.144000, 
-0.108000, 
-0.072000, 
-0.036000, 
-0.000000, 
0.036000, 
0.072000, 

0.108000, 
0.144000, 
0.180000, 
0.216000, 
0.252000, 
0.288000, 
0.324000, 
0.360000, 
0.396000, 
0.432000, 
0.468000, 
0.504000, 
0.540000, 
0.576000, 
0.612000, 
0.648000, 
0.684000, 
0.720000, 
0.756000, 

0.792000, 
0.828000, 
0.864000, 
0.900000, 
-1.000000, 
-0.960000, 
-0.920000, 
-0.880000, 
-0.840000, 
-0.800000, 
-0.760000, 
-0.720000, 
-0.680000, 
-0.640000, 
-0.600000, 
-0.560000, 
-0.520000, 
-0.480000, 
-0.440000, 

-0.400000, 
-0.360000, 
-0.320000, 
-0.280000, 
-0.240000, 
-0.200000, 
-0.160000, 
-0.120000, 
-0.080000, 
-0.040000, 
-0.000000, 
0.040000, 
0.080000, 
0.120000, 
0.160000, 
0.200000, 
0.240000, 
0.280000, 
0.320000, 

0.360000, 
0.400000, 
0.440000, 
0.480000, 
0.520000, 
0.560000, 
0.600000, 
0.640000, 
0.680000, 
0.720000, 
0.760000, 
0.800000, 
0.840000, 
0.880000, 
0.920000, 
0.960000, 
1.000000, 
}; 

static double 
x_da[51]={ 
2.500000, 
2.600000, 
2.700000, 
2.800000, 
2.900000, 
3.000000, 
3.100000, 
3.200000, 
3.300000, 

3.400000, 
3.500000, 
3.600000, 
3.700000, 
3.800000, 
3.900000, 
4.000000, 
4.100000, 
4.200000, 
4.300000, 
4.400000, 

4.500000, 
4.600000, 
4.700000, 
4.800000, 
4.900000, 
5.000000, 
5.100000, 
5.200000, 
5.300000, 
5.400000, 
5.500000, 

5.600000, 
5.700000, 
5.800000, 
5.900000, 
6.000000, 
6.100000, 
6.200000, 
6.300000, 
6.400000, 
6.500000, 
6.600000, 

6.700000, 
6.800000, 
6.900000, 
7.000000, 
7.100000, 
7.200000, 
7.300000, 
7.400000, 
7.500000, 
}; 

static double 
w_da[21]={ 
6.000000, 
6.100000, 
6.200000, 

6.300000, 
6.400000, 
6.500000, 
6.600000, 
6.700000, 

6.800000, 
6.900000, 
7.000000, 
7.100000, 
7.200000, 

7.300000, 
7.400000, 
7.500000, 
7.600000, 
7.700000, 

7.800000, 
7.900000, 
8.000000, 
};

 
*.m files 
% adaptd.m 
 
%---------- 
 
save temp1 ll No_of_test_runs Error 
clear 
global R F G Linv Lm L22 J BETA motor_inputs Tem 
k=.4;    %.2 %1 %.45; %.1 %.2 %.45; 
init_sim; 
%pause; 
%save init_wts_12 V W; 
 
%load i_wts_20; 
load i_wts_12; 
[m,n]=size(W); 
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for i=1:m 
for j=1:n 
W(i,j)=W(i,j)+7; 
end 
end 
[p,q]=size(V); 
for i=1:p 
for j=1:q 
V(i,j)=V(i,j)+7; 
end 
end 
for i=1:m 
for j=1:n 
 leak_W(i,j)=0; 
end 
end 
for i=1:p 
for j=1:q 
 leak_V(i,j)=0; 
end 
end 
%load i_wts_25; 
%load i_wts_30; 
 
%now load the filter coefficients vector 
load square2; %bell2; %bell6; %bell5; %bell4; %bell3;  
 %square2 %square1  %bell2;  %bell1;  %exp1; 
load square3;   %this for the prop action and brings in b1 
k_p=0.0045;  %0.004; %.005 
k_i=0.007; 
   
Cv=Cv/k; 
LOG_COUNT=1; 
t=0; 
t0=0.01; 
t1=0.1;  %0.25; 
 
t2=.5; 
delta0=0.005;  %.001; %0.01 %0.04 %0.004 %.009 %; 
delta=delta0; 
No_Of_Trials=20; 
ERROR=0; 
error=0; 
 
for epochs=1:nepochs 
 
  if(t>=t0) 
 
    i_s_albe=motor_states(1:2,1)/Ibase; 
    i_s_albe(1)=i_s_albe(1) +(.05*rand-.02); 
    i_s_albe(2)=i_s_albe(2) +(.05*rand+.02); 
    w_r=motor_states(5)/Wbase; 
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    w_r=w_r +(.01*rand-.005); 
 
    x_older = x_old; 
    x_old=x; 
    x(9)=1; 
    x(7:8)=v_out_old; 
    x(4:6)=x(1:3); 
    x(3)  =w_r; 
    x(1:2)=i_s_albe; 
 
    d_old=d; 
    [y,d]=fprop(x,W,V); 
 
%    if(t<=t1) 
%      Wdes=.2;   %.1; 
%      Ides=.1; 
%    end 
%    if(t>t1&t<=t2) 
%      Wdes=.5;   %.3; 
%      Ides=.5;    %.3; 
%    end 
%    if(t>t2) 
%      Wdes=1; 
%      Ides=1; 
%    end 
 
% Wdes = 1*t; 
% Ides = 2*t; 
%    if(t>t2) 
      Wdes=1; 
      Ides=1; 
%    end 
 
    theta_e=Wdes*Wbase*t; 
    if theta_e>2*pi 
      theta_e=theta_e-2*pi; 
    end 
 
    i_s_albe_des(1,1)=Ides*cos(theta_e); 
    i_s_albe_des(2,1)=Ides*sin(theta_e); 
 
 
%    i_s_albe_des(1,1)=i_s_al_ref(epochs); 
%    i_s_albe_des(2,1)=i_s_be_ref(epochs); 
 
    v_out_older = v_out_old; 
    v_out_old=v_out; 
    v_out=(i_s_albe_des-y)/Cv; 
%    if(abs(v_out(1))>1) 
%      v_out(1)=v_out(1)/abs(v_out(1)); 
%    end 
%    if(abs(v_out(2))>1) 
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%      v_out(2)=v_out(2)/abs(v_out(2)); 
%    end 
 
    v_old=v; 
    v=v_out*Vbase; 
  
    if(epochs>1)  % the RWC algorithm 
      g=i_s_albe - v_out_old*Cv; 
 
      [dW1,dV1,error] = randtrg1(m,n,r,W,V,dW,dV,x_old,g,delta,No_Of_Trials); 
 % Adapt  the size of delta to be proportional to the length  of error vector 
      V=V+dV1; 
      W=W+dW1; 
      dV=dV1; 
      dW=dW1; 
    end 
     ERROR = [ERROR;error]; 
 
 
    if ((length(ERROR)> length(bp))&(k_p~=0)&(length(ERROR)<=length(b)))   %proportional part of 
window 
        output_p(epochs)=bp*ERROR(length(ERROR)-length(bp)+1:length(ERROR)); 
 delta_prop= output_p(epochs)*k_p; 
 delta=delta_prop; 
 delta_logp(epochs)=delta_prop; 
    end 
 
 
    if (length(ERROR)> length(b))  %integral part of window 
 output(epochs)=b*ERROR(length(ERROR)-length(b)+1:length(ERROR)); 
 delta_int= output(epochs)*k_i; 
 
 output_p(epochs)=bp*ERROR(length(ERROR)-length(bp)+1:length(ERROR)); 
 delta_prop= output_p(epochs)*k_p; 
 
  
 delta=delta_prop+delta_int; 
 delta_logp(epochs)=delta_prop; 
 delta_logi(epochs)=delta_int; 
    end 
  
  
 delta_log(epochs)=delta; 
%delta_log(epochs) 
%delta 
%pause 
%    motor_inputs(1:2)=v_old; 
    motor_inputs(1:2) = v; 
    [dummy,motor_states]=rkf45('scimsim',t,(t+Ts),motor_states); 
 
  end   
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  if(rem(epochs,1)==0) 
    LOG(LOG_COUNT,1)=t; 
    LOG(LOG_COUNT,2)=i_s_albe(1); 
    LOG(LOG_COUNT,3)=i_s_albe_des(1); 
    LOG(LOG_COUNT,4)=i_s_albe(2); 
    LOG(LOG_COUNT,5)=i_s_albe_des(2); 
    LOG(LOG_COUNT,6)=motor_inputs(1)/Vbase; 
    LOG(LOG_COUNT,7)=motor_inputs(2)/Vbase; 
    LOG(LOG_COUNT,8)=w_r*Wbase; 
%    LOG(LOG_COUNT,9)=Tem; 
    LOG_COUNT=LOG_COUNT+1; 
  end 
 
   
  t=t+Ts; 
  if(rem(epochs,100)==0) 
    disp(['t=',num2str(t)]) 
 delta=delta 
  end 
   
W=W-leak_W; 
V=V-leak_V; 
end 
 
t=LOG(:,1); 
ial=LOG(:,2); 
idal=LOG(:,3); 
ibe=LOG(:,4); 
idbe=LOG(:,5); 
val=LOG(:,6); 
vbe=LOG(:,7); 
wr=LOG(:,8); 
%tork = LOG(:,9); 
 
xx=length(ial)-length(ERROR); 
ERROR=[zeros(xx,1);ERROR]; 
save temp ERROR ial idal ibe idbe val vbe wr t delta_log delta_logp delta_logi %tork 
clear 
load temp 
load temp1 
 
%grand.m 
 
function x = grand(nrows,ncols,max,min) 
 
%B Burton, 8 July 1993.  Creates a vector or matrix of random values  
%between -0.1 and 0.1;  1 input argument returns row vector, 2 returns 
%matrix, and 0 input arguments returns a scalar. 
% 
%EXAMPLE: x = grand(nrows,ncols) 
% 
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%rand('uniform') %include for MATLAB < ver 4 
 
if nargin<=2  %defaults 
  max=.01; 
  min=-.01; 
end 
 
scale=max-min; 
shift=min; 
 
if nargin==2|nargin==4 
  x=rand(nrows,ncols); 
  x=scale*x+shift*ones(nrows,ncols); 
elseif nargin==1|nargin==3 
  x=rand(1,nrows); 
  x=scale*x+shift*ones(1,nrows); 
end            
%init_sim.m 
 
%---------- 
 
%--------------------------------------------------------------------------- 
%Simulation Parameters & Initialisation 
% 
  Fs=4000; %2000; %1000;   %18e6/(1024*32); 
    disp('Sampling frequency Fs =') 
     disp(Fs); 
  Ts=1/Fs; 
  Tstart=0; 
  t=Tstart; 
  Tend=.5;  %.75; %.5; %for 5oHz cases; %1.0 for 5/15/.5 cases 
  nepochs=floor(Tend/Ts); 
    disp('nepochs =') 
     disp(nepochs); 
% 
 
%--------------------------------------------------------------------------- 
%Reference Values 
% 
 
%load ref 
 
i_s_albe_des(1,1)=0; 
i_s_albe_des(2,1)=0; 
 
%i_s_al_ref=idalwifil; 
%i_s_be_ref=idbewifil; 
 
  Ides=.25; 
  Wdes=100; 
  i_s_albe_des=[0;0]; 
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%--------------------------------------------------------------------------- 
%ANN Parameters & Initialisation 
% 
  n=9;   % No of inputs 
  m=12; %20; %30; % No of middle layer nodes 
    disp('No of middle layer nodes=') 
     disp(m); 
  r=2;   % No of outputs 
  B=.05; %0.1;  % Backprop training gain 
  M=0;  %0.05;  % Backprop Momentum coefficient 
  w_lim=0.7; 
  W=grand(m,n,-w_lim,w_lim); 
  V=grand(r,m,-w_lim,w_lim); 
 
%  load refwghts 
%  W=zeros(m,n); 
%  for col=1:n 
%    W(:,col)=W0(:,col); 
%  end 
%  V=V0'; 
 
  dW=zeros(m,n); 
  dV=zeros(r,m); 
  x=zeros(n,1); 
  x_old=zeros(n,1); 
  d=zeros(m,1); 
  d_old=zeros(m,1); 
  y=zeros(r,1); 
  y_old=zeros(r,1); 
 
% 
 
%--------------------------------------------------------------------------- 
%Induction Motor Parameters & Initialisation 
% 
  Ibase=17; 
  Vbase=30; 
  Wbase=100*pi; 
 
  R1=.3432; 
  X1=.9811; 
  R2=.6564; 
  X2=1; 
  XM=32.4277; 
  wo=Wbase; 
 
  L1=X1/wo; 
  L2=X2/wo; 
  Lm=XM/wo;  
  L11=L1+Lm; 
  L22=L2+Lm; 
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  J=.122; 
  BETA=.0015; 
 
  Sigma=1 - Lm^2/L11/L22; 
 
  Cv=1.5*(Ts/Sigma/L11)*Vbase/Ibase; 
 
  R=[    R1         0          0           0 
         0          R1         0           0 
     -R2*Lm/L22     0        R2/L22        0 
         0      -R2*Lm/L22     0         R2/L22 ]; 
 
  L=[Sigma*L11    0    Lm/L22    0 
       0     Sigma*L11   0     Lm/L22 
       0        0      1       0 
       0        0      0       1 ]; 
 
  Linv =inv(L); 
 
  F=[  0    -Sigma*L11     0    -Lm/L22 
     Sigma*L11   0      Lm/L22     0 
       0       0         0      -1 
       0       0         1       0 ]; 
 
  G=[  0   0   0   0 
       0   0   0   0 
       0   0   0   1 
       0   0  -1   0 ]; 
 
  motor_states=[0 0 0 0 0]'; 
  motor_inputs=[0 0 0]'; 
  v=[0;0]; 
  v_out=[0;0]; 
  v_out_old=[0;0]; 
  i_s_hat=[0;0]; 
  i_s_albe=motor_states(1:2,1); 
  w_r=0; 
% 
 
%--------------------------------------------------------------------------- 
%--------------------------------------------------------------------------- 
 
 
%num2str.m 
 
function t = num2str(x, prec) 
%NUM2STR Number to string conversion. 
%       T = NUM2STR(X) converts the scalar number X into a string 
%       representation T with about 4 digits and an exponent if 
%       required.  This is useful for labeling plots with the 
%       TITLE, XLABEL, YLABEL, and TEXT commands.  An optional 
%       argument could be supplied for indicating an alternate precision. 
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%       T = NUM2STR(X,PREC) converts the scalar number X into a string 
%       representation with a maximum precision specified by PREC. 
% 
%       See also INT2STR, SPRINTF, FPRINTF. 
 
%       Copyright (c) 1984-94 by The MathWorks, Inc. 
 
if isstr(x) 
    t = x; 
else 
    if (nargin == 1) 
        num_format = '%.4g'; 
    else 
        num_format = ['%.' num2str(prec) 'g']; 
    end 
 
    t = sprintf(num_format, real(x)); 
    if imag(x) > 0 
       t = [t '+' sprintf(num_format, imag(x)) 'i']; 
    elseif imag(x) < 0 
       t = [t '-' sprintf(num_format, -imag(x)) 'i']; 
    end 
end 
%randtrg1.m 
 
 
function [dW,dV,Error]=randtrg1(m,n,r,W0,V0,dW0,dV0,x,yd,delta,No_of_Trials) 
 
[y_temp,d_temp]=fprop(x,W0,V0); 
error = abs(yd-y_temp); 
Error = sum(error); 
dW=dW0; 
dV=dV0; 
for trial=1:No_of_Trials 
 for i=1:m                               %for input wight matrix W 
     for j=1:n                           %create a matrix with randomly distributed values 
       dW_temp(i,j)=1-2*round(rand);             %...of 0 and -2.delta and then shift by +delta to 
     end                                 %...get random values of -delta and +delta 
 end 
 dW_temp=dW_temp*delta; 
 
 for i=1:r                               %do same for output weight matrix 
     for j=1:m 
       dV_temp(i,j)=1-2*round(rand); 
     end 
 end 
 dV_temp=dV_temp*delta; 
 
 W_temp=W0+dW_temp; 
 V_temp=V0+dV_temp; 
 
 [y_temp,d_temp] = fprop(x,W_temp,V_temp); 
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 temp_error = abs(yd-y_temp); 
 if (temp_error < error) 
     dW = dW_temp; 
     dV = dV_temp; 
     error = temp_error; 
     Error=sum(error); 
 end 
end 
 
      
 
%rkf45.m 
 
 
function [tout, yout] = rkf45(FunFcn, t0, tfinal, y0, tol, trace) 
%RKF45  Integrate a system of ordinary differential equations using 
%       4th and 5th order Runge-Kutta formulas.  See also ODE23 and 
%       ODEDEMO.M. 
%       [T,Y] = ODE45('yprime', T0, Tfinal, Y0) integrates the system 
%       of ordinary differential equations described by the M-file 
%       YPRIME.M over the interval T0 to Tfinal and using initial 
%       conditions Y0. 
%       [T, Y] = ODE45(F, T0, Tfinal, Y0, TOL, 1) uses tolerance TOL 
%       and displays status while the integration proceeds. 
% 
% INPUT: 
% F     - String containing name of user-supplied problem description. 
%         Call: yprime = fun(t,y) where F = 'fun'. 
%         t      - Time (scalar). 
%         y      - Solution column-vector. 
%         yprime - Returned derivative column-vector; yprime(i) = dy(i)/dt. 
% t0    - Initial value of t. 
% tfinal- Final value of t. 
% y0    - Initial value column-vector. 
% tol   - The desired accuracy. (Default: tol = 1.e-6). 
% trace - If nonzero, each step is printed. (Default: trace = 0). 
% 
% OUTPUT: 
% T  - Returned integration time points (row-vector). 
% Y  - Returned solution, one solution column-vector per tout-value. 
% 
% The result could be displayed by: plot(tout, yout). 
 
%   C.B. Moler, 3-25-87. 
%   Copyright (c) 1987 by the MathWorks, Inc. 
%   All rights reserved. 
%   Modified by M.T. Wishart, October 1992 
 
% The Fehlberg coefficients: 
alpha = [1/4  3/8  12/13  1  1/2]'; 
beta  = [ [    1      0      0     0      0    0]/4 
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   [    3      9      0     0      0    0]/32 
   [ 1932  -7200   7296     0      0    0]/2197 
   [ 8341 -32832  29440  -845      0    0]/4104 
   [-6080  41040 -28352  9295  -5643    0]/20520 ]'; 
gamma = [ [902880  0  3953664  3855735  -1371249  277020]/7618050 
   [ -2090  0    22528    21970    -15048  -27360]/752400 ]'; 
pow = 1/5; 
if nargin < 6, trace = 0; end 
if nargin < 5, tol = 1.e-6; end 
 
 
% Initialization 
t = t0; 
hmax = (tfinal - t); 
hmin = (tfinal - t)/100; 
h = (tfinal - t); 
y = y0(:); 
f = y*zeros(1,6); 
tout = t; 
yout = y; 
tau = tol * max(norm(y, 'inf'), 1); 
 
% if trace 
%   clc, t, h, y 
% end 
 
% The main loop 
   while (t < tfinal) & (h >= hmin) 
      if t + h > tfinal, h = tfinal - t; end 
 
      % Compute the slopes 
      temp = feval(FunFcn,t,y); 
      f(:,1) = temp(:); 
      for j = 1:5 
  temp = feval(FunFcn, t+alpha(j)*h, y+h*f*beta(:,j)); 
  f(:,j+1) = temp(:); 
      end 
 
      % Estimate the error and the acceptable error 
      delta = norm(h*f*gamma(:,2),'inf'); 
      tau = tol*max(norm(y,'inf'),1.0); 
 
      % Update the solution only if the error is acceptable 
      if delta <= tau 
  t = t + h; 
  y = y + h*f*gamma(:,1); 
  tout = t; 
  yout = y; 
      end 
%      if trace 
%  home, t, h, y 
%      end 
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      % Update the step size 
      if delta ~= 0.0 
  h = min(hmax, 0.8*h*(tau/delta)^pow); 
      end 
   end; 
 
   if (t < tfinal) 
      disp('SINGULARITY LIKELY.') 
      t 
   end 
%scimsim.m 
 
 
function xdot=scimsim(t,x) 
 
global R F G Linv Lm L22 J BETA motor_inputs Tem 
 
v=[motor_inputs(1:2);0;0]; 
el_dot=-Linv*R*x(1:4)+Linv*(v-x(5)*G*x(1:4)); 
T_em = Lm/L22*(x(2)*x(3)-x(1)*x(4)); 
wr_dot=(T_em-motor_inputs(3)-BETA*x(5))/J; 
xdot = [el_dot;wr_dot]; 
Tem=T_em; 
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APPENDIX B.1 UNBOUNDED OSCILLATOR-ONE FREQUENCY 

/* 
nn.c 
Jin Liu 
 
C code for unbouded unstable oscillator 
*/ 
 
#define NN ((int)(4e5)) 
#include "nn.h" 
 
double delay_buf[NDELAY]; 
double time[N]; 
int cycle;  
double yt[4][ENG_EQN*ENG_ORD], dyt[5][ENG_EQN*ENG_ORD]; 
engine eng[N]; 
double GAIN= -200.0; 
double nnout; 
double eng_ksi[ENG_EQN], eng_omiga[ENG_EQN]; 
FILE *outp, *wp; 
 
/* Neural Network Parameters */ 
#define inN     8  /* # of total NN input*/ 
#define xm inN 
#define xn 1 
#define Wm 1 
#define Wn inN 
#define Vm 1 
#define Vn 1 
double WS[inN][NN]; 
double errs,mag; 
double pres_his[inN]; 
double W[Wm*Wn],V[Vm*Vn]; 
double dW[Wm*Wn],dV[Vm*Vn]; 
/* Neural Network Parameters finished */ 
 
 
void err_dump(err_mesg) 
char *err_mesg; 
{ 
printf("%s\n",err_mesg); 
exit(0); 
} 
 
void nnet_ini() 
{ 
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int i,I; 
for(i=1;i<inN;i++) 
        pres_his[i]=0.0; 
mag=0.5; 
/* 
0.000000,0.000031,0.427170,0.000000,0.662537,0.231903,0.036420,0.484918, 
0.000528,0.039218,0.405830,0.014118,0.403410,0.494287,0.021272,0.658953 
W[0]=0.0; 
W[1]=0.000031; 
W[2]=0.42717; 
W[3]=0.0; 
W[4]=0.662537; 
W[5]=0.231903; 
W[6]=0.03642; 
W[7]=0.484918; 
*/ 
for(i=0;i<Wm*Wn;i++) 
        { 
        W[i]=0.0; 
        WS[i][0]=0.0; 
        dW[i]= (rand()%3-1)/500.0; 
        } 
for(i=0;i<Vm*Vn;i++) 
        { 
        V[i]=1.0; 
        dV[i]= (rand()%3-1)/500.0; 
        } 
/* 
srand(seed); 
*/ 
} 
 
void epoch_init(ksi) 
double ksi; 
{ 
int j; 
 
eng[0].stat.y[0]=0.5; 
eng[0].stat.z[0]=0.0; 
eng[0].output=0.5; 
eng[0].input=0.0; 
cycle=0; 
 
eng_ksi[0]= ksi;  
eng_omiga[0]=400*2.0*M_PI; 
 
nnout=0.0; 
} 
 
multiply(yy,WW,xx,WWm,WWn,xxn) 
double *yy,*WW,*xx; 
int WWm,WWn,xxn; 
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{ 
int i,j,k; 
    for(i=0;i<WWm;i++) 
    for(j=0;j<xxn;j++) 
    for(k=0;k<WWn;k++) 
        yy[j*WWm+i] += (WW[k*WWm+i])*(xx[j*WWn+k]); 
} 
 
void fprop(y,x,W,V) 
double *y,*x,*W,*V; 
{ 
int i,j,k; 
double buf[xm*xn]; 
double d[Wm*xn]; 
 
 
for(i=0;i<xm*xn;i++) 
                buf[i]= x[i]; 
        
for(i=0;i<Wm*xn;i++) 
        d[i]=0; 
if(Wn!=xm) 
    err_dump("The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(d,W,buf,Wm,Wn,xn); 
for(i=0;i<Wm*xn;i++) 
        d[i]=2.0/(1.0+exp(-d[i]))-1.0; 
for(i=0;i<Vm*xn;i++) 
        y[i]=0; 
if(Vn!=Wm) 
    err_dump("The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(y,V,d,Vm,Vn,xn); 
for(i=0;i<Vm*xn;i++) 
        y[i]=2.0/(1.0+exp(-y[i]))-1.0; 
return; 
} 
 
double zero_one(x) 
double x; 
{ 
if(x<-1.0) 
 x= -1.0; 
if(x>1.0) 
 x=1.0; 
return x; 
} 
 
double sat(x,ma,mi) 
double x; 
double ma, mi; 
{ 
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if(x>ma) 
 x=ma; 
else if(x<mi) 
 x=mi; 
return(x); 
} 
 
double nnet_run() 
{ 
int i,j; 
int cycle_buf; 
double error_old; 
double out[1]; 
double W_buf[Wm*Wn],V_buf[Vm*Vn]; 
 
if(cycle%25==0) 
 { 
 for(i=0;i<inN-1;i++) 
         pres_his[i]=pres_his[i+1]; 
 pres_his[inN-1]=eng[cycle-1].output; 
 } 
if(cycle%200==0) 
{ 
cycle_buf=cycle-200; 
if(cycle>2) 
 error_old=fabs(eng[cycle_buf].output); 
else 
 error_old=0.0;  
errs=fabs(pres_his[inN-1]); 
if(errs-error_old>0.0) 
        { 
        for(j=0;j<Wm*Wn;j++) 
         dW[j]= (rand()%3-1)/500.0; 
/* 
        for(j=0;j<Vm*Vn;j++) 
         dV[j]= (rand()%3-1)/500.0; 
*/ 
 } 
for(j=0;j<Wm*Wn;j++) 
 W[j]=sat((W[j]+errs*dW[j]),1.0,0.0); 
/* 
for(j=0;j<Vm*Vn;j++) 
 V[j]=sat(V[j]+dV[j],1.0,0.0); 
*/ 
} 
for(j=0;j<Wm*Wn;j++) 
 WS[j][cycle]=W[j]; 
fprop(out, pres_his,W,V); 
return out[0]; 
} 
 
void eng_diff_eqn(x, dxdt, inx) 
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double *x, *dxdt, inx; 
{ 
int i; 
double dx; 
status  *stt, *dstt; 
 
 
stt=(status *)x; 
dstt=(status *)dxdt; 
 
for(i=0;i<ENG_EQN;i++) 
 { 
 dstt->y[i]=stt->z[i]; 
 dstt->z[i]= -2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i] 
  -eng_omiga[i]*eng_omiga[i]*stt->y[i]+ inx; 
 } 
} 
 
 
 
 
void pred_crect(y, n, xx, h, yout, xin, derive) 
double *y, *yout, xin; 
double xx, h; 
void (*derive)(); 
int n; 
{ 
   int i; 
 
   (*derive)(y, dyt[0], xin); 
   for (i = 0; i < n; i++) yt[0][i] = y[i] + h * dyt[0][i]; 
   (*derive)(yt[0], dyt[1], xin); 
   for (i = 0; i < n; i++) yt[1][i] = y[i] + h/2.0 * dyt[0][i] 
        + h/2.0 * dyt[1][i]; 
   (*derive)(yt[1], dyt[2], xin); 
   for (i = 0; i < n; i++) yt[2][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[2][i]; 
   (*derive)(yt[2], dyt[3], xin); 
   for (i = 0; i < n; i++) yt[3][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[3][i]; 
   (*derive)(yt[3], dyt[4], xin); 
   for (i = 0; i < n; i++) yout[i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[4][i]; 
/* 
printf("y[3]=%f,%f,\t y[4]=%f,%f\n", yt[3][0], yt[3][1],yout[0],yout[1]); 
*/ 
} 
 
void save_output() 
{ 
int i,j;  
double eng_out[(int)(NN/100)], www[Wm*Wn][(int)(NN/100)] ; 
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for(i=0;i<NN;i++) 
 if(i%100==0) 
  { 
  eng_out[(int)(i/100)]=eng[i].output; 
  for(j=0;j<Wm*Wn;j++) 
  www[j][(int)(i/100)]=WS[j][i]; 
  } 
 
fwrite(eng_out,sizeof(double),(int)(NN/100),outp); 
fwrite(www,sizeof(double),(int)(NN/100)*Wm*Wn,wp); 
 
} 
 
  
void epoch(ksi) 
double ksi; 
{ 
int i,j; 
double buf,buf2; 
epoch_init(ksi); 
for(cycle=1;cycle<NN;cycle++) 
 { 
 if(cycle%2000==0) 
  eng_ksi[0]= -0.0001; 
 else if(cycle%1000==0) 
  eng_ksi[0]= ksi; 
 
 delay_buf[NDELAY-1]= GAIN*nnet_run()/DT; 
/* 
 delay_buf[NDELAY-1]= GAIN*eng[cycle-1].output/DT; 
*/ 
 
        eng[cycle].input=delay_buf[0]; 
 for(i=0;i<NDELAY-1;i++) 
  delay_buf[i] =delay_buf[i+1]; 
 pred_crect(&eng[cycle-1].stat, ENG_EQN*ENG_ORD,  
  (double)cycle*DT,DT, &eng[cycle].stat,  
  eng[cycle].input-eng[cycle-1].input, eng_diff_eqn);  
 
 eng[cycle].output = 0.0; 
 for(i=0;i<ENG_EQN;i++) 
  eng[cycle].output += eng[cycle].stat.y[i]; 
 } 
for(i=0;i<inN;i++) 
 printf("%f,",W[i]); 
printf("\n"); 
printf("out=%f\n", eng[N-1].output); 
save_output(); 
} 
  
main() 
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{ 
int i; 
double t[(int)(NN*16/100)]; 
 
if((outp=fopen("out.m","w"))==(FILE *)NULL) 
 err_dump("Cannot open file <out>"); 
if((wp=fopen("w.m","w"))==(FILE *)NULL) 
 err_dump("Cannot open file <w>"); 
nnet_ini(); 
epoch(-0.001); 
epoch(-0.004); 
epoch(-0.002); 
epoch(-0.003); 
epoch(-0.004); 
epoch(-0.002); 
epoch(-0.001); 
epoch(-0.003); 
epoch(-0.002); 
epoch(-0.003); 
epoch(-0.004); 
epoch(-0.003); 
epoch(-0.005); 
epoch(-0.001); 
epoch(-0.005); 
epoch(-0.004); 
for(i=0;i<NN*16/100;i++) 
 t[i]=i*DT*100.0; 
fwrite(t,sizeof(double), NN*16/100,outp); 
fclose(outp); 
fclose(wp); 
} 
 
 
/* 
nn.h 
Jin Liu 
 
H file for unbouded unstable oscillator 
*/ 
 
#include <stdio.h> 
#include <stdlib.h> 
#include <math.h> 
  
#define ENGINE  0 
 
#define ENG_ORD         2 /*order of the eng diff EQN*/ 
#define ENG_EQN         1 /*number of EQN in eng*/ 
  
#define TMAX            10.0                     /*max run time*/ 
#define PHI             80e3                     /*clock freq*/ 
#define DT              (1.0/PHI)                       /*time step*/ 
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#define N               (int)(TMAX*PHI)         /*total data points*/ 
  
#define ENG_freq        400                     /*in Hz*/ 
#define TDELAY          (0.6/ENG_freq)          /*delay time*/ 
#define NDELAY          (int)(TDELAY/TMAX*N)      /*delay in points*/ 
  
 
typedef struct { 
   double y[ENG_EQN];  
   double z[ENG_EQN];  
} status; 
 
typedef struct { 
   double input; 
   status stat; 
   double  output; 
} engine; 
 
 
 
/* 
p.m 
Jin Liu 
 
M file to plot the result in matlab for unbouded unstable oscillator 
*/ 
 
NN=4e5/100*16; 
fid=fopen('out.m'); 
[e_out n]=fread(fid, NN, 'double'); 
[t n]=fread(fid, NN, 'double'); 
figure(1); 
plot(t,e_out); 
fid=fopen('w.m'); 
[w n]=fread(fid,[NN,8], 'double'); 
figure(2); 
plot(t,w); 
%plot(t,w(:,1),'y-'); 
%plot(t,w(:,2),'m:'); 
%plot(t,w(:,3),'c-.'); 
%plot(t,w(:,4),'r-'); 
%plot(t,w(:,5),'g:'); 
%plot(t,w(:,6),'b-.'); 
%plot(t,w(:,7),'w-'); 
%plot(t,w(:,8),'y--'); 
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APPENDIX B.2 UNBOUNDED OSCILLATOR-TWO FREQUENCY 

/* 
nn.c 
Jin Liu 
 
C code for unbounded unstable two frequncy oscillator 
*/ 
 
#define NN ((int)(8e4*5)) 
#include "nn.h" 
 
double delay_buf[NDELAY]; 
int cycle;  
double yt[4][ENG_EQN*ENG_ORD], dyt[5][ENG_EQN*ENG_ORD]; 
engine eng[N]; 
double GAIN= -200.0; 
double nnout; 
double eng_ksi[ENG_EQN], eng_omiga[ENG_EQN]; 
FILE *outp, *errp, *wwwp; 
 
/* Neural Network Parameters */ 
#define inN     12  /* # of total NN input*/ 
#define xm inN 
#define xn 1 
#define Wm 2 
#define Wn inN 
#define Vm 1 
#define Vn 2 
double errs[N],err1[N],err2[N]; 
double pres_his[inN]; 
double W[Wm*Wn],V[Vm*Vn]; 
double dW[Wm*Wn],dV[Vm*Vn]; 
double WS[Wm*Wn][(int)(NN/100)]; 
/* Neural Network Parameters finished */ 
 
 
void err_dump(err_mesg) 
char *err_mesg; 
{ 
printf("%s\n",err_mesg); 
exit(0); 
} 
 
void nnet_ini() 
{ 
int i,I; 
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for(i=1;i<inN;i++) 
        pres_his[i]=0.0; 
errs[0]=0.0; 
err1[0]=0.0; 
err2[0]=0.0; 
for(i=0;i<Wm*Wn;i++) 
        { 
        W[i]=0.0; 
        WS[i][0]=0.0; 
        dW[i]= (rand()%3-1)/500.0; 
        } 
for(i=0;i<Vm*Vn;i++) 
        { 
        V[i]=1.0; 
        dV[i]= (rand()%3-1)/500.0; 
        } 
} 
 
void epoch_init(ksi0, ksi1) 
double ksi0, ksi1; 
{ 
int j; 
 
eng[0].stat.y[0]=0.5; 
eng[0].stat.y[1]=0.5; 
eng[0].stat.z[0]=0.0; 
eng[0].stat.z[1]=0.0; 
eng[0].output=1.0; 
eng[0].input=0.0; 
 
 
cycle=0; 
 
eng_ksi[0]= ksi0;  
eng_ksi[1]= ksi1;  
eng_omiga[0]=400*2.0*M_PI; 
eng_omiga[1]=700*2.0*M_PI; 
 
nnout=0.0; 
} 
 
multiply(yy,WW,xx,WWm,WWn,xxn) 
double *yy,*WW,*xx; 
int WWm,WWn,xxn; 
{ 
int i,j,k; 
    for(i=0;i<WWm;i++) 
    for(j=0;j<xxn;j++) 
    for(k=0;k<WWn;k++) 
        yy[j*WWm+i] += (WW[k*WWm+i])*(xx[j*WWn+k]); 
} 
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void fprop(y,x,W,V) 
double *y,*x,*W,*V; 
{ 
int i,j,k; 
double buf[xm*xn]; 
double d[Wm*xn]; 
 
 
for(i=0;i<xm*xn;i++) 
                buf[i]= x[i]; 
        
for(i=0;i<Wm*xn;i++) 
        d[i]=0; 
if(Wn!=xm) 
    err_dump("The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(d,W,buf,Wm,Wn,xn); 
for(i=0;i<Wm*xn;i++) 
        d[i]=2.0/(1.0+exp(-d[i]))-1.0; 
for(i=0;i<Vm*xn;i++) 
        y[i]=0; 
if(Vn!=Wm) 
    err_dump("The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(y,V,d,Vm,Vn,xn); 
for(i=0;i<Vm*xn;i++) 
        y[i]=2.0/(1.0+exp(-y[i]))-1.0; 
return; 
} 
 
double sat(x,ma,mi) 
double x; 
double ma, mi; 
{ 
if(x>ma) 
 x=ma; 
else if(x<mi) 
 x=mi; 
return(x); 
} 
 
 
void pred_crect(y, n,  h, yout, xin, derive) 
double *y, *yout, xin; 
double h; 
void (*derive)(); 
int n; 
{ 
   int i; 
 
   (*derive)(y, dyt[0], xin); 
   for (i = 0; i < n; i++) yt[0][i] = y[i] + h * dyt[0][i]; 
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   (*derive)(yt[0], dyt[1], xin); 
   for (i = 0; i < n; i++) yt[1][i] = y[i] + h/2.0 * dyt[0][i] 
        + h/2.0 * dyt[1][i]; 
   (*derive)(yt[1], dyt[2], xin); 
   for (i = 0; i < n; i++) yt[2][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[2][i]; 
   (*derive)(yt[2], dyt[3], xin); 
   for (i = 0; i < n; i++) yt[3][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[3][i]; 
   (*derive)(yt[3], dyt[4], xin); 
   for (i = 0; i < n; i++) yout[i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[4][i]; 
} 
 
 
double err_cal(err_old, xin,cut) 
double err_old, xin,cut; 
{ 
double dy[5], y[4]; 
 
dy[0]=cut*(xin-err_old); 
y[0]=err_old+DT*dy[0]; 
dy[1]=cut*(xin-y[0]); 
y[1]=err_old+DT/2*(dy[0]+dy[1]); 
dy[2]=cut*(xin-y[1]); 
y[2]=err_old+DT/2*(dy[0]+dy[2]); 
dy[3]=cut*(xin-y[2]); 
y[3]=err_old+DT/2*(dy[0]+dy[3]); 
dy[4]=cut*(xin-y[3]); 
return( err_old+DT/2*(dy[0]+dy[4]) ); 
 
} 
 
 
double nnet_run() 
{ 
int i,j; 
double out[1]; 
double W_buf[Wm*Wn],V_buf[Vm*Vn]; 
 
err1[cycle]=err_cal(err1[cycle-1], fabs(eng[cycle-1].output),400.0);  
err2[cycle]=err_cal(err1[cycle-1], err1[cycle],200.0);  
errs[cycle]=err_cal(errs[cycle-1], err2[cycle],50.0);  
if(cycle%25==0) 
 { 
 for(i=0;i<inN-1;i++) 
         pres_his[i]=pres_his[i+1]; 
 pres_his[inN-1]=eng[cycle-1].output; 
 } 
if(cycle%400==0) 
{ 
if(errs[cycle]>errs[cycle-1]) 
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        { 
        for(j=0;j<Wm*Wn;j++) 
         dW[j]= (rand()%3-1)/500.0; 
        for(j=0;j<Vm*Vn;j++) 
         dV[j]= (rand()%3-1)/500.0; 
 } 
for(j=0;j<Wm*Wn;j++) 
 W[j]=sat(W[j]+errs[cycle]*dW[j],1.0,0.0); 
for(j=0;j<Vm*Vn;j++) 
 V[j]=sat(V[j]+errs[cycle]*dV[j],1.0,0.0); 
} 
if(cycle%100==0) 
 for(i=0;i<Wm*Wn;i++) 
  WS[i][cycle/100]=W[i]; 
fprop(out, pres_his,W,V); 
return out[0]; 
} 
 
void eng_diff_eqn(x, dxdt, inx) 
double *x, *dxdt, inx; 
{ 
int i; 
double dx; 
status  *stt, *dstt; 
 
 
stt=(status *)x; 
dstt=(status *)dxdt; 
 
for(i=0;i<ENG_EQN;i++) 
 { 
 dstt->y[i]=stt->z[i]; 
 dstt->z[i]= -2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i] 
  -eng_omiga[i]*eng_omiga[i]*stt->y[i]+ inx; 
 } 
} 
 
 
 
 
void save_output() 
{ 
int i,j;  
double eng_out[(int)(NN/100)]; 
double errors[NN/100]; 
 
for(i=0;i<NN;i++) 
 if(i%100==0) 
 { 
 errors[i/100]=errs[i]; 
 eng_out[(int)(i/100)]=eng[i].output; 
 } 
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fwrite(eng_out,sizeof(double),(int)(NN/100),outp); 
fwrite(errors,sizeof(double), NN/100,errp); 
fwrite(WS,sizeof(double), NN/100*Wm*Wn,wwwp); 
 
} 
 
  
void epoch(ksi0, ksi1) 
double ksi0, ksi1; 
{ 
int i,j; 
double buf,buf2; 
epoch_init(ksi0, ksi1); 
for(cycle=1;cycle<NN;cycle++) 
 { 
/* 
 if(cycle%(8000*2)==0) 
  { 
  eng_ksi[0]=-0.0001; 
  eng_ksi[1]=-0.0001; 
  } 
 else if(cycle%(8000)==0) 
  { 
  eng_ksi[0]=-0.0001; 
  eng_ksi[1]=-0.0001; 
  } 
*/ 
 delay_buf[NDELAY-1]= GAIN*nnet_run()/DT; 
/* 
 delay_buf[NDELAY-1]= GAIN*eng[cycle-1].output/DT; 
*/ 
 
        eng[cycle].input=delay_buf[0]; 
 for(i=0;i<NDELAY-1;i++) 
  delay_buf[i] =delay_buf[i+1]; 
 pred_crect(&eng[cycle-1].stat, ENG_EQN*ENG_ORD,  
  DT, &eng[cycle].stat,  
  eng[cycle].input-eng[cycle-1].input, eng_diff_eqn);  
 
 eng[cycle].output = 0.0; 
 for(i=0;i<ENG_EQN;i++) 
  eng[cycle].output += eng[cycle].stat.y[i]; 
 } 
for(i=0;i<Wn*Wm;i++) 
 printf("%f,",W[i]); 
printf("\n"); 
printf("out=%f\n", eng[N-1].output); 
save_output(); 
} 
  
main() 
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{ 
int i; 
double t[NN]; 
FILE *timep; 
 
if((outp=fopen("out.m","w"))==(FILE *)NULL) 
 err_dump("Cannot open file <out.m>"); 
if((errp=fopen("err.m","w"))==(FILE *)NULL) 
 err_dump("Cannot open file <err.m>"); 
if((wwwp=fopen("www.m","w"))==(FILE *)NULL) 
 err_dump("Cannot open file <www.m>"); 
nnet_ini(); 
epoch(0.0, 0.0); 
epoch(-0.0001,0.0); 
epoch(-0.001, -0.0001); 
epoch(-0.001, -0.001); 
epoch(-0.002, -0.001); 
epoch(-0.001, -0.0001); 
epoch(-0.0001, -0.002); 
if((timep=fopen("time.m","w"))==(FILE *)NULL) 
 err_dump("Cannot open file <time.m>"); 
for(i=0;i<NN*6/100;i++) 
 t[i]=i*DT*100.0; 
fwrite(t,sizeof(double), NN/100*6,timep); 
fclose(timep); 
fclose(outp); 
fclose(errp); 
fclose(wwwp); 
} 
 
 
/* 
nn.h 
Jin Liu 
 
H file for unbounded unstable two prequency oscillator 
*/ 
 
#include <stdio.h> 
#include <stdlib.h> 
#include <math.h> 
  
#define ENGINE  0 
 
#define ENG_ORD         2 /*order of the eng diff EQN*/ 
#define ENG_EQN         2 /*number of EQN in eng*/ 
  
#define TMAX            10.0                     /*max run time*/ 
#define PHI             80e3                     /*clock freq*/ 
#define DT              (1.0/PHI)                       /*time step*/ 
#define N               (int)(TMAX*PHI)         /*total data points*/ 
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#define ENG_freq        400                     /*in Hz*/ 
#define TDELAY          (0.4/ENG_freq)          /*delay time*/ 
#define NDELAY          (int)(TDELAY/TMAX*N)      /*delay in points*/ 
  
 
typedef struct { 
   double y[ENG_EQN];  
   double z[ENG_EQN];  
} status; 
 
typedef struct { 
   double input; 
   status stat; 
   double  output; 
} engine; 
 
 
 
/* 
p.m 
Jin Liu 
 
M file to plot the result in Matlab  
*/ 
for unbounded unstable two frequencyoscillator 
NN=8e4*5/100*6; 
fid=fopen('out.m'); 
[e_out n]=fread(fid, NN, 'double'); 
fid=fopen('www.m'); 
[w n]=fread(fid, [NN, 24], 'double'); 
fid=fopen('time.m'); 
[t n]=fread(fid, NN, 'double'); 
figure(1); 
plot(t,e_out); 
figure(2); 
plot(t,w); 
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APPENDIX B.3 LIMIT CYCLE OSCILLATOR-ONE FREQUENCY 

/* 
nn.c 
Jin Liu 
 
C code for limit cycle oscillator, one frequency 
*/ 
#define NN ((int)(8e4)) 
#include "nn.h" 
 
double delay_buf[NDELAY]; 
double time[NN]; 
int cycle;  
double yt[4][ENG_EQN*ENG_ORD], dyt[5][ENG_EQN*ENG_ORD]; 
engine eng[N]; 
double GAIN= -200.0; 
double nnout; 
double eng_ksi[ENG_EQN], eng_omiga[ENG_EQN]; 
FILE *outp, *wp; 
 
/* Neural Network Parameters */ 
#define inN     8  /* # of total NN input*/ 
#define xm inN 
#define xn 1 
#define Wm 1 
#define Wn inN 
#define Vm 1 
#define Vn 1 
double WS[inN][NN]; 
double errs,mag; 
double pres_his[inN]; 
double W[Wm*Wn],V[Vm*Vn]; 
double dW[Wm*Wn],dV[Vm*Vn]; 
/* Neural Network Parameters finished */ 
 
 
void err_dump(err_mesg) 
char *err_mesg; 
{ 
printf("%s\n",err_mesg); 
exit(0); 
} 
 
void nnet_ini() 
{ 
int i,I; 
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for(i=1;i<inN;i++) 
        pres_his[i]=0.0; 
mag=0.01; 
/* 
0.000000,0.000031,0.427170,0.000000,0.662537,0.231903,0.036420,0.484918, 
0.000528,0.039218,0.405830,0.014118,0.403410,0.494287,0.021272,0.658953 
W[0]=0.0; 
W[1]=0.000031; 
W[2]=0.42717; 
W[3]=0.0; 
W[4]=0.662537; 
W[5]=0.231903; 
W[6]=0.03642; 
W[7]=0.484918; 
*/ 
for(i=0;i<Wm*Wn;i++) 
        { 
        W[i]=0.0; 
        WS[i][0]=0.0; 
        dW[i]= (rand()%3-1)/500.0; 
        } 
for(i=0;i<Vm*Vn;i++) 
        { 
        V[i]=1.0; 
        dV[i]= (rand()%3-1)/500.0; 
        } 
/* 
srand(seed); 
*/ 
} 
 
void epoch_init(ksi) 
double ksi; 
{ 
int j; 
 
eng[0].stat.y[0]=0.01; 
eng[0].stat.z[0]=0.0; 
eng[0].output=0.01; 
eng[0].input=0.0; 
cycle=0; 
 
eng_ksi[0]= ksi;  
eng_omiga[0]=400*2.0*M_PI; 
 
nnout=0.0; 
} 
 
multiply(yy,WW,xx,WWm,WWn,xxn) 
double *yy,*WW,*xx; 
int WWm,WWn,xxn; 
{ 
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int i,j,k; 
    for(i=0;i<WWm;i++) 
    for(j=0;j<xxn;j++) 
    for(k=0;k<WWn;k++) 
        yy[j*WWm+i] += (WW[k*WWm+i])*(xx[j*WWn+k]); 
} 
 
void fprop(y,x,W,V) 
double *y,*x,*W,*V; 
{ 
int i,j,k; 
double buf[xm*xn]; 
double d[Wm*xn]; 
 
 
for(i=0;i<xm*xn;i++) 
                buf[i]= x[i]; 
        
for(i=0;i<Wm*xn;i++) 
        d[i]=0; 
if(Wn!=xm) 
    err_dump("The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(d,W,buf,Wm,Wn,xn); 
for(i=0;i<Wm*xn;i++) 
        d[i]=2.0/(1.0+exp(-d[i]))-1.0; 
for(i=0;i<Vm*xn;i++) 
        y[i]=0; 
if(Vn!=Wm) 
    err_dump("The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(y,V,d,Vm,Vn,xn); 
for(i=0;i<Vm*xn;i++) 
        y[i]=2.0/(1.0+exp(-y[i]))-1.0; 
return; 
} 
 
double zero_one(x) 
double x; 
{ 
if(x<-1.0) 
 x= -1.0; 
if(x>1.0) 
 x=1.0; 
return x; 
} 
 
double sat(x,ma,mi) 
double x; 
double ma, mi; 
{ 
if(x>ma) 
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 x=ma; 
else if(x<mi) 
 x=mi; 
return(x); 
} 
 
double nnet_run() 
{ 
int i,j; 
int cycle_buf; 
double error_old; 
double out[1]; 
double W_buf[Wm*Wn],V_buf[Vm*Vn]; 
 
if(cycle%25==0) 
 { 
 for(i=0;i<inN-1;i++) 
         pres_his[i]=pres_his[i+1]; 
 pres_his[inN-1]=eng[cycle-1].output; 
 } 
if(cycle%200==0) 
{ 
cycle_buf=cycle-200; 
if(cycle>2) 
 error_old=fabs(eng[cycle_buf].output); 
else 
 error_old=0.0;  
errs=fabs(pres_his[inN-1]); 
if(errs-error_old>0.0) 
        { 
        for(j=0;j<Wm*Wn;j++) 
         dW[j]= (rand()%3-1)/500.0; 
/* 
        for(j=0;j<Vm*Vn;j++) 
         dV[j]= (rand()%3-1)/500.0; 
*/ 
 } 
for(j=0;j<Wm*Wn;j++) 
 W[j]=sat((W[j]+errs*dW[j]),1.0,0.0); 
/* 
for(j=0;j<Vm*Vn;j++) 
 V[j]=sat(V[j]+dV[j],1.0,0.0); 
*/ 
} 
for(j=0;j<Wm*Wn;j++) 
 WS[j][cycle]=W[j]; 
fprop(out, pres_his,W,V); 
return out[0]; 
} 
 
void eng_diff_eqn(x, dxdt, inx) 
double *x, *dxdt, inx; 
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{ 
int i; 
double dx; 
status  *stt, *dstt; 
double b=1; 
 
 
stt=(status *)x; 
dstt=(status *)dxdt; 
 
for(i=0;i<ENG_EQN;i++) 
 { 
 dstt->y[i]=stt->z[i]; 
 dstt->z[i]=  
  2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i] 
  -2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i]*stt->y[i]*stt->y[i]/b 
  -eng_omiga[i]*eng_omiga[i]*stt->y[i]+ inx; 
 } 
} 
 
 
 
 
void pred_crect(y, n, xx, h, yout, xin, derive) 
double *y, *yout, xin; 
double xx, h; 
void (*derive)(); 
int n; 
{ 
   int i; 
 
   (*derive)(y, dyt[0], xin); 
   for (i = 0; i < n; i++) yt[0][i] = y[i] + h * dyt[0][i]; 
   (*derive)(yt[0], dyt[1], xin); 
   for (i = 0; i < n; i++) yt[1][i] = y[i] + h/2.0 * dyt[0][i] 
        + h/2.0 * dyt[1][i]; 
   (*derive)(yt[1], dyt[2], xin); 
   for (i = 0; i < n; i++) yt[2][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[2][i]; 
   (*derive)(yt[2], dyt[3], xin); 
   for (i = 0; i < n; i++) yt[3][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[3][i]; 
   (*derive)(yt[3], dyt[4], xin); 
   for (i = 0; i < n; i++) yout[i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[4][i]; 
/* 
printf("y[3]=%f,%f,\t y[4]=%f,%f\n", yt[3][0], yt[3][1],yout[0],yout[1]); 
*/ 
} 
 
void save_output() 
{ 
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int i,j;  
double eng_out[(int)(NN/10)], www[Wm*Wn][(int)(NN)] ; 
 
for(i=0;i<NN/10;i++) 
  { 
  eng_out[(int)(i)]=eng[i*10].output; 
/* 
  for(j=0;j<Wm*Wn;j++) 
  www[j][(int)(i)]=WS[j][i]; 
*/ 
  } 
 
fwrite(eng_out,sizeof(double),(int)(NN/10),outp); 
/* 
fwrite(www,sizeof(double),(int)(NN)*Wm*Wn,wp); 
*/ 
 
} 
 
  
void epoch(ksi) 
double ksi; 
{ 
int i,j; 
double buf,buf2; 
epoch_init(ksi); 
for(cycle=1;cycle<NN;cycle++) 
 { 
/* 
 delay_buf[NDELAY-1]= GAIN*nnet_run()/DT; 
 delay_buf[NDELAY-1]= GAIN*eng[cycle-1].output/DT; 
*/ 
 delay_buf[NDELAY-1]= 0.0;  
 
        eng[cycle].input=delay_buf[0]; 
 for(i=0;i<NDELAY-1;i++) 
  delay_buf[i] =delay_buf[i+1]; 
 pred_crect(&eng[cycle-1].stat, ENG_EQN*ENG_ORD,  
  (double)cycle*DT,DT, &eng[cycle].stat,  
  eng[cycle].input-eng[cycle-1].input, eng_diff_eqn);  
 
 eng[cycle].output = 0.0; 
 for(i=0;i<ENG_EQN;i++) 
  eng[cycle].output += eng[cycle].stat.y[i]; 
 } 
for(i=0;i<inN;i++) 
 printf("%f,",W[i]); 
printf("\n"); 
printf("out=%f\n", eng[NN-1].output); 
save_output(); 
} 
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main() 
{ 
int i; 
double t[(int)(NN/10)]; 
 
if((outp=fopen("out.m","w"))==(FILE *)NULL) 
 err_dump("Cannot open file <out>"); 
if((wp=fopen("w.m","w"))==(FILE *)NULL) 
 err_dump("Cannot open file <w>"); 
nnet_ini(); 
epoch(0.005); 
/* 
epoch(0.004); 
epoch(0.002); 
epoch(0.003); 
epoch(0.004); 
epoch(0.002); 
epoch(0.001); 
epoch(0.003); 
epoch(0.002); 
epoch(0.003); 
epoch(0.004); 
epoch(0.003); 
epoch(0.005); 
epoch(0.001); 
epoch(0.005); 
epoch(0.004); 
*/ 
printf("ok1\n"); 
for(i=0;i<NN/10;i++) 
 t[i]=i*DT*10; 
fwrite(t,sizeof(double), NN/10,outp); 
fclose(outp); 
fclose(wp); 
} 
 
 
/* 
nn.h 
Jin Liu 
 
H file for limit cycle oscillator, one frequency 
*/ 
 
#include <stdio.h> 
#include <stdlib.h> 
#include <math.h> 
  
#define ENGINE  0 
 
#define ENG_ORD         2 /*order of the eng diff EQN*/ 
#define ENG_EQN         1 /*number of EQN in eng*/ 
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#define TMAX            10.0                     /*max run time*/ 
#define PHI             80e3                     /*clock freq*/ 
#define DT              (1.0/PHI)                       /*time step*/ 
#define N               (int)(TMAX*PHI)         /*total data points*/ 
  
#define ENG_freq        400                     /*in Hz*/ 
#define TDELAY          (0.6/ENG_freq)          /*delay time*/ 
#define NDELAY          (int)(TDELAY/TMAX*N)      /*delay in points*/ 
  
 
typedef struct { 
   double y[ENG_EQN];  
   double z[ENG_EQN];  
} status; 
 
typedef struct { 
   double input; 
   status stat; 
   double  output; 
} engine; 
 
 
 
/* 
p.m 
Jin Liu 
 
M file to plot result in Matlab for limit cycle oscillator, one frequency 
*/ 
 
NN=8e3; 
fid=fopen('out.m'); 
[e_out n]=fread(fid, NN, 'double'); 
[t n]=fread(fid, NN, 'double'); 
%figure(1); 
plot(t,e_out); 
%figure(2); 
%plot(abs(fft(e_out))); 
%fid=fopen('w.m'); 
%[w n]=fread(fid,[NN,8], 'double'); 
%figure(2); 
%plot(t,w); 
%plot(t,w(:,1),'y-'); 
%plot(t,w(:,2),'m:'); 
%plot(t,w(:,3),'c-.'); 
%plot(t,w(:,4),'r-'); 
%plot(t,w(:,5),'g:'); 
%plot(t,w(:,6),'b-.'); 
%plot(t,w(:,7),'w-'); 
%plot(t,w(:,8),'y--'); 
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APPENDIX B.4 LIMIT CYCLE OSCILLATOR-VARIABLE PLANT 

PARAMETERS 

#Makefile 
#Jin Liu 
 
# Compiler options 
CC=cc -g 
 
# the math libraries  
LIBS=-lm 
 
all: nneng  
nneng: comm.o nn.o eng.o nneng.o 
 $(CC) comm.o nn.o eng.o nneng.o $(LIBS) -o nneng 
comm.o: comm.c comm.h 
 $(CC) -c comm.c $(LIBS) 
nn.o: nn.c nn.h comm.c comm.h 
 $(CC) -c nn.c $(LIBS) 
eng.o: eng.c eng.h nn.c nn.h comm.c comm.h 
 $(CC) -c eng.c $(LIBS) 
nneng.o: nneng.c eng.c eng.h nn.c nn.h comm.c comm.h 
 $(CC) -c nneng.c $(LIBS) 
clean: 
 rm *.o 
/* 
nneng.c 
Jin Liu 
Main file 
*/ 
#include "comm.h" 
#include "nn.h" 
#include "eng.h" 
 
main(argc, argv) 
int argc; 
char **argv; 
{ 
int i; 
int seed; 
  
if(argc>2) 
 err_dump("main: too many arguments\nExample: nneng 68\n"); 
else if(argc==2) 
 seed=atoi(argv[1]); 
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else if(argc<2) 
 seed=88; 
srand(seed); 
/*initialization*/ 
nnet_init(); 
eng_init(); 
 
srand(seed); 
/*run*/ 
for(i=1;i<NN;i++) 
 eng_run(i); 
 
/*finish and wrap up*/ 
nnet_wrapup(); 
eng_wrapup(); 
} 
 
/* 
comm.c 
Jin Liu 
 
common functions shared by engine part and neural network part 
*/ 
void err_dump(err_mesg) 
char *err_mesg; 
{ 
printf("%s\n",err_mesg); 
exit(0); 
} 
 
/* 
comm.h 
Jin Liu 
  
H file for comm.c 
*/ 
#include <stdio.h> 
#include <stdlib.h> 
#include <math.h> 
 
#define PHI             80000                     /*clock freq*/ 
#define DT              (1.0/PHI)                       /*time step*/ 
#define INTERVAL 1 
#define TTIME 60  /* total running time*/  
#define prate 50 /*points per sec*/ 
#define RATE (PHI/prate) 
#define Tpoint (TTIME*prate+1)  
#define NN (RATE*(Tpoint-1)) 
#define cmprate 2000 
 
#define ENG_freq        400                     /*in Hz*/ 
#define TDELAY          (0.6/ENG_freq)          /*delay time*/ 
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#define NDELAY          (int)(TDELAY*PHI)       /*delay in points*/ 
#define GAIN          (double)(-200.0)  /*loop gain*/ 
 
void err_dump(); 
 
/*eng.c 
Jin Liu 
 
C code for engine simulation part 
*/ 
#include "comm.h" 
#include "nn.h" 
#include "eng.h" 
 
/*engine parameters*/ 
#define ENG_ORD         2 /*order of the eng diff EQN*/ 
#define ENG_EQN         1 /*number of EQN in eng*/ 
  
typedef struct { 
   double y[ENG_EQN]; 
   double z[ENG_EQN]; 
} status; 
  
typedef struct { 
   double input; 
   status stat; 
   double  output; 
} engine; 
/*engine parameters finished*/ 
 
double delay_buf[NDELAY]; 
double yt[4][ENG_EQN*ENG_ORD], dyt[5][ENG_EQN*ENG_ORD]; 
engine eng, eng_1; /*eng is current status, eng_1 previous*/ 
double eng_ksi[ENG_EQN], eng_omiga[ENG_EQN]; 
double eng_b=1; 
FILE *outp, *timep; 
/*random generated ksi, omiga, and b*/ 
double ksi[Tpoint], omiga[Tpoint], b[Tpoint]; 
 
rand_gen() 
{ 
int i; 
double tm[Tpoint]; 
FILE *param; 
int count=0; 
param=fopen("param.m","w"); 
 
count++; 
if((count*INTERVAL)<TTIME) 
for(i=0;i<(count*INTERVAL*prate+1);i++) 
 { 
 ksi[i]=rand()%2/1000.0; 
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 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
else 
for(i=0;i<Tpoint;i++) 
 { 
 ksi[i]=rand()%2/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
 
count++; 
if((count*INTERVAL)<TTIME) 
for(i=((count-1)*INTERVAL*prate+1);i<(count*INTERVAL*prate+1);i++) 
 { 
 ksi[i]=rand()%4/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
else 
for(i=((count-1)*INTERVAL*prate+1);i<Tpoint;i++) 
 { 
 ksi[i]=rand()%4/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
 
count++; 
if((count*INTERVAL)<TTIME) 
for(i=((count-1)*INTERVAL*prate+1);i<(count*INTERVAL*prate+1);i++) 
 { 
 ksi[i]=rand()%6/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
else 
for(i=((count-1)*INTERVAL*prate+1);i<Tpoint;i++) 
 { 
 ksi[i]=rand()%6/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
 
count++; 
for(i=((count-1)*INTERVAL*prate+1);i<Tpoint;i++) 
 { 
 ksi[i]=rand()%8/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
 
ksi[0]=0; 
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for(i=0;i<Tpoint;i++) 
 tm[i]=i*1.0*RATE/PHI;  
fwrite(omiga,sizeof(double),Tpoint,param); 
fwrite(ksi,sizeof(double),Tpoint,param); 
fwrite(b,sizeof(double),Tpoint,param); 
fwrite(tm,sizeof(double),Tpoint,param); 
fclose(param); 
} 
 
void eng_init() 
{ 
double buf=0.0; 
/*open files to save engine output, time, and error*/ 
if((outp=fopen("out.m","w"))==(FILE *)NULL) 
        err_dump("eng: could not open file <out>"); 
if((timep=fopen("time.m","w"))==(FILE *)NULL) 
        err_dump("eng: could not open file <time>"); 
 
eng_1.stat.y[0]=0.5; 
eng_1.stat.z[0]=0.0; 
eng_1.output=0.5; 
eng_1.input=0.0; 
eng.stat.y[0]=0.5; 
eng.stat.z[0]=0.0; 
eng.output=0.5; 
eng.input=0.0; 
 
eng_ksi[0]=ksi[0];  
eng_omiga[0]=omiga[0]*2*M_PI; 
eng_b=b[0]; 
 
/*generate random parameters*/ 
rand_gen(); 
/*save initial values*/ 
fwrite(&eng.output,sizeof(double),1,outp); 
fwrite(&buf,sizeof(double),1,timep); 
} 
 
double err_cal(err_old, xin,cut) 
double err_old, xin,cut; 
{ 
double dy[5], y[4]; 
  
dy[0]=cut*(xin-err_old); 
y[0]=err_old+DT*dy[0]; 
dy[1]=cut*(xin-y[0]); 
y[1]=err_old+DT/2*(dy[0]+dy[1]); 
dy[2]=cut*(xin-y[1]); 
y[2]=err_old+DT/2*(dy[0]+dy[2]); 
dy[3]=cut*(xin-y[2]); 
y[3]=err_old+DT/2*(dy[0]+dy[3]); 
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dy[4]=cut*(xin-y[3]); 
return( err_old+DT/2*(dy[0]+dy[4]) ); 
  
} 
 
void eng_diff_eqn(x, dxdt, inx) 
double *x, *dxdt, inx; 
{ 
int i; 
double dx; 
status  *stt, *dstt; 
 
 
stt=(status *)x; 
dstt=(status *)dxdt; 
 
for(i=0;i<ENG_EQN;i++) 
 { 
 dstt->y[i]=stt->z[i]; 
 dstt->z[i]=  
  2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i] 
  -2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i]*stt->y[i]*stt->y[i]/eng_b 
  -eng_omiga[i]*eng_omiga[i]*stt->y[i]+ inx; 
 } 
} 
 
 
 
 
void pred_crect(y, n, xx, h, yout, xin, derive) 
double *y, *yout, xin; 
double xx, h; 
void (*derive)(); 
int n; 
{ 
   int i; 
 
   (*derive)(y, dyt[0], xin); 
   for (i = 0; i < n; i++) yt[0][i] = y[i] + h * dyt[0][i]; 
   (*derive)(yt[0], dyt[1], xin); 
   for (i = 0; i < n; i++) yt[1][i] = y[i] + h/2.0 * dyt[0][i] 
        + h/2.0 * dyt[1][i]; 
   (*derive)(yt[1], dyt[2], xin); 
   for (i = 0; i < n; i++) yt[2][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[2][i]; 
   (*derive)(yt[2], dyt[3], xin); 
   for (i = 0; i < n; i++) yt[3][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[3][i]; 
   (*derive)(yt[3], dyt[4], xin); 
   for (i = 0; i < n; i++) yout[i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[4][i]; 
} 
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void eng_run(cycle) 
int cycle; 
{ 
int i,j; 
double buf; 
/*assign the value of ksi, omiga, and b*/ 
 eng_ksi[0]=(ksi[cycle/RATE+1]-ksi[cycle/RATE])/RATE 
   *(cycle%RATE)+ksi[cycle/RATE]; 
 eng_omiga[0]=(omiga[cycle/RATE+1]-omiga[cycle/RATE])/RATE 
   *(cycle%RATE)+omiga[cycle/RATE]; 
 eng_omiga[0]*=2*M_PI; 
 eng_b=(b[cycle/RATE+1]-b[cycle/RATE])/RATE 
   *(cycle%RATE)+b[cycle/RATE]; 
 
/*feedback from nn controller*/ 
 delay_buf[NDELAY-1]= GAIN*nnet_run(cycle, eng_1.output)/DT; 
/* 
 delay_buf[NDELAY-1]= GAIN*eng_1.output/DT; 
*/ 
 
        eng.input=delay_buf[0]; 
 for(i=0;i<NDELAY-1;i++) 
  delay_buf[i] =delay_buf[i+1]; 
 pred_crect(&eng_1.stat, ENG_EQN*ENG_ORD,  
  (double)cycle*DT,DT, &eng.stat,  
  eng.input-eng_1.input, eng_diff_eqn);  
 
 eng.output = 0.0; 
 for(i=0;i<ENG_EQN;i++) 
  eng.output += eng.stat.y[i]; 
 /*save_output*/ 
 if(cycle%cmprate==0) 
  { 
  fwrite(&eng.output,sizeof(double),1,outp); 
  buf=(double)cycle/PHI; 
  fwrite(&buf,sizeof(double), 1,timep); 
  } 
 /*transfer status, eng--->eng_1 */ 
 eng_1.input = eng.input; 
 for(i=0;i<ENG_EQN;i++) 
  { 
  eng_1.stat.y[i]= eng.stat.y[i]; 
  eng_1.stat.z[i]= eng.stat.z[i]; 
  } 
 eng_1.output = eng.output; 
 /*trasfer finished*/ 
} 
  
void eng_wrapup() 
{ 
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fclose(outp); 
fclose(timep); 
} 
 
/* 
eng.h 
Jin Liu 
 
H file for eng.c 
*/ 
void eng_init(); 
void eng_run(); 
double err_cal(); 
 
/* 
nn.c 
Jin Liu 
C code for neural network part 
*/ 
#include "comm.h" 
#include "nn.h" 
#include "eng.h" 
 
/* Neural Network Parameters */ 
#define inN     8  /* # of total NN input*/ 
#define hdN     3  /* # of total NN hidden neurons*/ 
#define xm inN 
#define xn 1 
#define Wm hdN /*hidden neurons*/ 
#define Wn inN 
#define Vm 1 
#define Vn hdN /*hidden neurons*/ 
double errs, errs_1, err1, err1_1, err2; /*errors, "_1" means previous cycle*/ 
double pres_his[inN]; 
double W[Wm*Wn],V[Vm*Vn]; /* W is first layer, V is second layer */ 
double dW[Wm*Wn],dV[Vm*Vn]; /* weight change*/ 
/* Neural Network Parameters finished */ 
 
/* file to save weights*/ 
FILE *wp, *vp, *errorp; 
/* file to save weights finished*/ 
 
/*initialize neural network*/ 
void nnet_init() 
{ 
int i; 
 
/*tapline*/ 
for(i=1;i<inN;i++) 
        pres_his[i]=0.0; 
 
/*error parameters*/ 
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errs=0.0; 
errs_1=0.0; 
err1=0.0; 
err1_1=0.0; 
err2=0.0; 
 
/*weights*/ 
for(i=0;i<Wm*Wn;i++) 
        { 
        W[i]=0.0; 
        dW[i]= (2*(rand()%2)-1)/500.0; 
        } 
for(i=0;i<Vm*Vn;i++) 
        { 
        V[i]=1.0; 
        dV[i]= (2*(rand()%2)-1)/500.0; 
        } 
/*open weight and error save-files*/ 
if((wp=fopen("w.m","w"))==(FILE *)NULL) 
        err_dump("nn: could not open file <w>"); 
if((vp=fopen("v.m","w"))==(FILE *)NULL) 
        err_dump("nn: could not open file <v>"); 
if((errorp=fopen("error.m","w"))==(FILE *)NULL) 
        err_dump("nn: could not open file <error>"); 
 
/*save initial weights*/ 
fwrite(W,sizeof(double),Wm*Wn,wp); 
fwrite(V,sizeof(double),Vm*Vn,vp); 
fwrite(&errs,sizeof(double),1,errorp); 
 
} 
 
 
multiply(yy,WW,xx,WWm,WWn,xxn) 
double *yy,*WW,*xx; 
int WWm,WWn,xxn; 
{ 
int i,j,k; 
    for(i=0;i<WWm;i++) 
    for(j=0;j<xxn;j++) 
    for(k=0;k<WWn;k++) 
        yy[j*WWm+i] += (WW[k*WWm+i])*(xx[j*WWn+k]); 
} 
 
void fprop(y,x,W,V) 
double *y,*x,*W,*V; 
{ 
int i,j,k; 
double buf[xm*xn]; 
double d[Wm*xn]; 
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for(i=0;i<xm*xn;i++) 
                buf[i]= x[i]; 
        
for(i=0;i<Wm*xn;i++) 
        d[i]=0; 
if(Wn!=xm) 
    err_dump("nn: The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(d,W,buf,Wm,Wn,xn); 
for(i=0;i<Wm*xn;i++) 
        d[i]=2.0/(1.0+exp(-d[i]))-1.0; 
for(i=0;i<Vm*xn;i++) 
        y[i]=0; 
if(Vn!=Wm) 
    err_dump("nn: The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(y,V,d,Vm,Vn,xn); 
for(i=0;i<Vm*xn;i++) 
        y[i]=2.0/(1.0+exp(-y[i]))-1.0; 
return; 
} 
 
 
double sat(x,ma,mi) 
double x; 
double ma, mi; 
{ 
if(x>ma) 
 x=ma; 
else if(x<mi) 
 x=mi; 
return(x); 
} 
 
 
double nnet_run(cycle,eng_1) 
int cycle; 
double eng_1; 
{ 
int i,j; 
double out[1]; 
  
err1=err_cal(err1_1, fabs(eng_1),400.0); 
err2=err_cal(err1_1, err1,200.0); 
errs=err_cal(errs_1, err2,50.0); 
if(cycle%25==0) 
        { 
        for(i=0;i<inN-1;i++) 
                pres_his[i]=pres_his[i+1]; 
        pres_his[inN-1]=eng_1; 
        } 
if(cycle%400==0) 
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{ 
if(errs<errs_1) 
 { 
 for(j=0;j<Wm*Wn;j++) 
         W[j]=sat(W[j]+dW[j],1.0,0.0); 
 for(j=0;j<Vm*Vn;j++) 
         V[j]=sat(V[j]+dV[j],1.0,0.0); 
 } 
else 
{ 
for(j=0;j<Wm*Wn;j++) 
        dW[j]= (2*(rand()%2)-1)/500.0; 
for(j=0;j<Vm*Vn;j++) 
        dV[j]= (2*(rand()%2)-1)/500.0; 
for(j=0;j<Wm*Wn;j++) 
        W[j]=sat(W[j]+dW[j],1.0,0.0); 
for(j=0;j<Vm*Vn;j++) 
        V[j]=sat(V[j]+dV[j],1.0,0.0); 
} 
} 
 
/*save weights every cmprate step*/ 
if(cycle%cmprate==0) 
 { 
 fwrite(W,sizeof(double),Wm*Wn,wp); 
 fwrite(V,sizeof(double),Vm*Vn,vp); 
        fwrite(&errs,sizeof(double),1,errorp); 
 } 
  
fprop(out, pres_his,W,V); 
errs_1=errs; 
err1_1=err1; 
return out[0]; 
} 
 
/*neural network wrap up */ 
void nnet_wrapup() 
{ 
fclose(wp); 
fclose(vp); 
fclose(errorp); 
} 
 
/* 
nn.h 
Jin Liu 
H file for nn.c 
*/ 
void nnet_init();  
void nnet_wrapup();  
double nnet_run(); 
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*.m files 
 
/* 
p.m 
Jin Liu 
*/ 
read_in; 
draw; 
 
/* 
read_in.m 
Jin Liu 
*/ 
vari; 
fid=fopen('out.m'); 
[e_out n]=fread(fid, NN, 'double'); 
fid=fopen('error.m'); 
[error n]=fread(fid, NN, 'double'); 
fid=fopen('time.m'); 
[t n]=fread(fid, NN, 'double'); 
fid=fopen('param.m'); 
[omiga Tpoint]=fread(fid, Tpoint, 'double'); 
[ksi Tpoint]=fread(fid, Tpoint, 'double'); 
[b Tpoint]=fread(fid, Tpoint, 'double'); 
[tm Tpoint]=fread(fid, Tpoint, 'double'); 
fid=fopen('w.m'); 
[w n]=fread(fid,[inN*hdN, NN], 'double'); 
fid=fopen('v.m'); 
[v n]=fread(fid,[hdN, NN], 'double'); 
 
/* 
vari.m 
Jin Liu 
variables 
*/ 
inN=8; 
hdN=3; 
cmprate=2000; 
TTIME=60; 
prate=2; 
PHI=8e4; 
RATE=PHI/prate; 
Tpoint=(TTIME*prate+1); 
NN=RATE*(Tpoint-1)/cmprate; 
/* 
draw.m 
*/ 
 
vari; 
figure(1); 
subplot(4,1,1),plot(tm,omiga ); 
subplot(4,1,1), ylabel('frequency'); 
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title('NN controlled engine of limited-cycle model with continously changing parameters'); 
subplot(4,1,2),plot(tm, ksi); 
subplot(4,1,2), ylabel('dampling factor'); 
subplot(4,1,3),plot(tm,b); 
subplot(4,1,3), ylabel('limcle constant'); 
subplot(4,1,4),plot(t,e_out); 
subplot(4,1,4), ylabel('eng output & error'); 
hold; 
subplot(4,1,4),plot(t,error,'r'); 
hold; 
xlabel('time (second)'); 
figure(2); 
for i=1:inN, 
 subplot(inN+2,1,i); plot(t,w(((i-1)*hdN+1):((i-1)*hdN+hdN),:)); 
end 
subplot(inN+2,1,1),title('weights'); 
subplot(inN+2,1,1),ylabel('W1'); 
subplot(inN+2,1,2),ylabel('W2'); 
subplot(inN+2,1,3),ylabel('W3'); 
subplot(inN+2,1,4),ylabel('W4'); 
subplot(inN+2,1,5),ylabel('W5'); 
subplot(inN+2,1,6),ylabel('W6'); 
subplot(inN+2,1,7),ylabel('W7'); 
subplot(inN+2,1,8),ylabel('W8'); 
subplot(inN+2,1,inN+1),plot(t,v),ylabel('V'); 
subplot(inN+2,1,inN+2),plot(t,error,'r'),ylabel('error'); 
xlabel('time (second)'); 
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APPENDIX B.5 LIMIT CYCLE OSCILLATOR-NOISE ADDED 

#Makefile 
#Jin Liu 
 
# Compiler options 
CC=cc -g 
 
# the math libraries  
LIBS=-lm 
 
all: nneng  
nneng: comm.o nn.o eng.o nneng.o 
 $(CC) comm.o nn.o eng.o nneng.o $(LIBS) -o nneng 
comm.o: comm.c comm.h 
 $(CC) -c comm.c $(LIBS) 
nn.o: nn.c nn.h comm.c comm.h 
 $(CC) -c nn.c $(LIBS) 
eng.o: eng.c eng.h nn.c nn.h comm.c comm.h 
 $(CC) -c eng.c $(LIBS) 
nneng.o: nneng.c eng.c eng.h nn.c nn.h comm.c comm.h 
 $(CC) -c nneng.c $(LIBS) 
clean: 
 rm *.o 
/* 
nneng.c 
main function of the nn controlled instable engine  
Jin Liu 5/27/98 
*/ 
 
#include "comm.h" 
#include "nn.h" 
#include "eng.h" 
 
main(argc, argv) 
int argc; 
char **argv; 
{ 
int i; 
int seed; 
  
if(argc>2) 
 err_dump("main: too many arguments\nExample: nneng 68\n"); 
else if(argc==2) 
 srand(atoi(argv[1])); 
/*initialization*/ 
nnet_init(); 
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eng_init(); 
 
/*run*/ 
for(i=1;i<NN;i++) 
 eng_run(i); 
 
/*finish and wrap up*/ 
nnet_wrapup(); 
eng_wrapup(); 
} 
 
/* 
comm.c 
common subrountines for both enging and neural network  
Jin Liu 5/27/98 
*/ 
void err_dump(err_mesg) 
char *err_mesg; 
{ 
printf("%s\n",err_mesg); 
exit(0); 
} 
 
/* 
comm.h 
common include files for both engine and neural network 
Jin Liu 5/27/98 
*/ 
#include <stdio.h> 
#include <stdlib.h> 
#include <math.h> 
 
#define PHI             80000                     /*clock freq*/ 
#define DT              (1.0/PHI)                       /*time step*/ 
#define INTERVAL 1 
#define TTIME 40 /* total running time*/  
#define prate 5 /*points per sec*/ 
#define RATE (PHI/prate) 
#define Tpoint (TTIME*prate+1)  
#define NN (RATE*(Tpoint-1)) 
#define cmprate 80 
 
#define ENG_freq        400                     /*in Hz*/ 
#define TDELAY          (0.4/ENG_freq)          /*delay time*/ 
#define NDELAY          (int)(TDELAY*PHI)       /*delay in points*/ 
#define GAIN          (double)(-200.0)  /*loop gain*/ 
 
void err_dump(); 
 
/* 
eng.c 
subrountines for engine models 
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Jin Liu 5/27/1998 
*/ 
 
#include "comm.h" 
#include "nn.h" 
#include "eng.h" 
 
/*engine parameters*/ 
#define ENG_ORD         2 /*order of the eng diff EQN*/ 
#define ENG_EQN         1 /*number of EQN in eng*/ 
  
typedef struct { 
   double y[ENG_EQN]; 
   double z[ENG_EQN]; 
} status; 
  
typedef struct { 
   double input; 
   status stat; 
   double  output; 
} engine; 
/*engine parameters finished*/ 
 
double delay_buf[NDELAY]; 
double yt[4][ENG_EQN*ENG_ORD], dyt[5][ENG_EQN*ENG_ORD]; 
engine eng, eng_1; /*eng is current status, eng_1 previous*/ 
double eng_ksi[ENG_EQN], eng_omiga[ENG_EQN]; 
double eng_b=1; 
FILE *outp, *timep; 
/*random generated ksi, omiga, and b*/ 
double ksi[Tpoint], omiga[Tpoint], b[Tpoint]; 
 
rand_gen() 
{ 
int i; 
double tm[Tpoint]; 
FILE *param; 
int count=0; 
param=fopen("param.m","w"); 
 
for(i=0;i<Tpoint;i++) 
 { 
 ksi[i]=0.005; 
 b[i]=1; 
 omiga[i]=400; 
 } 
/* 
count++; 
if((count*INTERVAL)<TTIME) 
for(i=0;i<(count*INTERVAL*prate+1);i++) 
 { 
 ksi[i]=rand()%2/1000.0; 
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 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
else 
for(i=0;i<Tpoint;i++) 
 { 
 ksi[i]=rand()%2/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
 
count++; 
if((count*INTERVAL)<TTIME) 
for(i=((count-1)*INTERVAL*prate+1);i<(count*INTERVAL*prate+1);i++) 
 { 
 ksi[i]=rand()%4/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
else 
for(i=((count-1)*INTERVAL*prate+1);i<Tpoint;i++) 
 { 
 ksi[i]=rand()%4/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
 
count++; 
if((count*INTERVAL)<TTIME) 
for(i=((count-1)*INTERVAL*prate+1);i<(count*INTERVAL*prate+1);i++) 
 { 
 ksi[i]=rand()%6/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
else 
for(i=((count-1)*INTERVAL*prate+1);i<Tpoint;i++) 
 { 
 ksi[i]=rand()%6/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
 
count++; 
for(i=((count-1)*INTERVAL*prate+1);i<Tpoint;i++) 
 { 
 ksi[i]=rand()%8/1000.0; 
 b[i]=rand()%100+1; 
 omiga[i]=rand()%200+400; 
 } 
 
ksi[0]=0; 



 226 

*/ 
 
for(i=0;i<Tpoint;i++) 
 tm[i]=i*1.0*RATE/PHI;  
fwrite(omiga,sizeof(double),Tpoint,param); 
fwrite(ksi,sizeof(double),Tpoint,param); 
fwrite(b,sizeof(double),Tpoint,param); 
fwrite(tm,sizeof(double),Tpoint,param); 
fclose(param); 
} 
 
void eng_init() 
{ 
double buf=0.0; 
/*open files to save engine output, time, and error*/ 
if((outp=fopen("out.m","w"))==(FILE *)NULL) 
        err_dump("eng: could not open file <out>"); 
if((timep=fopen("time.m","w"))==(FILE *)NULL) 
        err_dump("eng: could not open file <time>"); 
 
eng_1.stat.y[0]=0.1; 
eng_1.stat.z[0]=0.0; 
eng_1.output=0.1; 
eng_1.input=0.0; 
eng.stat.y[0]=0.1; 
eng.stat.z[0]=0.0; 
eng.output=0.1; 
eng.input=0.0; 
 
eng_ksi[0]=ksi[0];  
eng_omiga[0]=omiga[0]*2*M_PI; 
eng_b=b[0]; 
 
/*generate random parameters*/ 
rand_gen(); 
/*save initial values*/ 
fwrite(&eng.output,sizeof(double),1,outp); 
fwrite(&buf,sizeof(double),1,timep); 
} 
 
double err_cal(err_old, xin,cut) 
double err_old, xin,cut; 
{ 
double dy[5], y[4]; 
  
dy[0]=cut*(xin-err_old); 
y[0]=err_old+DT*dy[0]; 
dy[1]=cut*(xin-y[0]); 
y[1]=err_old+DT/2*(dy[0]+dy[1]); 
dy[2]=cut*(xin-y[1]); 
y[2]=err_old+DT/2*(dy[0]+dy[2]); 
dy[3]=cut*(xin-y[2]); 
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y[3]=err_old+DT/2*(dy[0]+dy[3]); 
dy[4]=cut*(xin-y[3]); 
return( err_old+DT/2*(dy[0]+dy[4]) ); 
  
} 
 
void eng_diff_eqn(x, dxdt, inx) 
double *x, *dxdt, inx; 
{ 
int i; 
double dx; 
status  *stt, *dstt; 
 
 
stt=(status *)x; 
dstt=(status *)dxdt; 
 
for(i=0;i<ENG_EQN;i++) 
 { 
 dstt->y[i]=stt->z[i]; 
 dstt->z[i]=  
  2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i] 
  -2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i]*stt->y[i]*stt->y[i]/eng_b 
  -eng_omiga[i]*eng_omiga[i]*stt->y[i]+ inx; 
 } 
} 
 
 
 
 
void pred_crect(y, n, xx, h, yout, xin, derive) 
double *y, *yout, xin; 
double xx, h; 
void (*derive)(); 
int n; 
{ 
   int i; 
 
   (*derive)(y, dyt[0], xin); 
   for (i = 0; i < n; i++) yt[0][i] = y[i] + h * dyt[0][i]; 
   (*derive)(yt[0], dyt[1], xin); 
   for (i = 0; i < n; i++) yt[1][i] = y[i] + h/2.0 * dyt[0][i] 
        + h/2.0 * dyt[1][i]; 
   (*derive)(yt[1], dyt[2], xin); 
   for (i = 0; i < n; i++) yt[2][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[2][i]; 
   (*derive)(yt[2], dyt[3], xin); 
   for (i = 0; i < n; i++) yt[3][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[3][i]; 
   (*derive)(yt[3], dyt[4], xin); 
   for (i = 0; i < n; i++) yout[i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[4][i]; 
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} 
 
  
void eng_run(cycle) 
int cycle; 
{ 
int i,j; 
double buf; 
/*assign the value of ksi, omiga, and b*/ 
 eng_ksi[0]=(ksi[cycle/RATE+1]-ksi[cycle/RATE])/RATE 
   *(cycle%RATE)+ksi[cycle/RATE]; 
 eng_omiga[0]=(omiga[cycle/RATE+1]-omiga[cycle/RATE])/RATE 
   *(cycle%RATE)+omiga[cycle/RATE]; 
 eng_omiga[0]*=2*M_PI; 
 eng_b=(b[cycle/RATE+1]-b[cycle/RATE])/RATE 
   *(cycle%RATE)+b[cycle/RATE]; 
 
/*feedback from nn controller*/ 
/* 
 delay_buf[NDELAY-1]= GAIN*nnet_run(cycle, eng_1.output)/DT; 
 delay_buf[NDELAY-1]= GAIN*eng_1.output/DT; 
*/ 
 delay_buf[NDELAY-1]= GAIN*nnet_run(cycle, eng_1.output)/DT; 
 
        eng.input=delay_buf[0]; 
 for(i=0;i<NDELAY-1;i++) 
  delay_buf[i] =delay_buf[i+1]; 
 pred_crect(&eng_1.stat, ENG_EQN*ENG_ORD,  
  (double)cycle*DT,DT, &eng.stat,  
  eng.input-eng_1.input, eng_diff_eqn);  
 
 eng.output = 0.0; 
 for(i=0;i<ENG_EQN;i++) 
  eng.output += (rand()%100-50)/500.0+eng.stat.y[i]; 
/* 
  eng.output += eng.stat.y[i]; 
*/ 
 /*save_output*/ 
 if(cycle%cmprate==0) 
  { 
  fwrite(&eng.output,sizeof(double),1,outp); 
  buf=(double)cycle/PHI; 
  fwrite(&buf,sizeof(double), 1,timep); 
  } 
 /*transfer status, eng--->eng_1 */ 
 eng_1.input = eng.input; 
 for(i=0;i<ENG_EQN;i++) 
  { 
  eng_1.stat.y[i]= eng.stat.y[i]; 
  eng_1.stat.z[i]= eng.stat.z[i]; 
  } 
 eng_1.output = eng.output; 
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 /*trasfer finished*/ 
} 
  
void eng_wrapup() 
{ 
fclose(outp); 
fclose(timep); 
} 
/* 
eng.h 
include file for engine subrountines 
Jin Liu 5/27/98 
*/ 
void eng_init(); 
void eng_run(); 
double err_cal(); 
 
/* 
nn.c 
subroutines for neural network simulation 
Jin Liu 5/27/98 
*/ 
 
#include "comm.h" 
#include "nn.h" 
#include "eng.h" 
 
/* Neural Network Parameters */ 
#define inN     8  /* # of total NN input*/ 
#define hdN     3  /* # of total NN hidden neurons*/ 
#define xm inN 
#define xn 1 
#define Wm hdN /*hidden neurons*/ 
#define Wn inN 
#define Vm 1 
#define Vn hdN /*hidden neurons*/ 
double errs, errs_1, err1, err1_1, err2; /*errors, "_1" means previous cycle*/ 
double pres_his[inN]; 
double W[Wm*Wn],V[Vm*Vn]; /* W is first layer, V is second layer */ 
double dW[Wm*Wn],dV[Vm*Vn]; /* weight change*/ 
/* Neural Network Parameters finished */ 
 
/* file to save weights*/ 
FILE *wp, *vp, *errorp; 
/* file to save weights finished*/ 
 
/*initialize neural network*/ 
void nnet_init() 
{ 
int i; 
 
/*tapline*/ 
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for(i=1;i<inN;i++) 
        pres_his[i]=0.0; 
 
/*error parameters*/ 
errs=0.0; 
errs_1=0.0; 
err1=0.0; 
err1_1=0.0; 
err2=0.0; 
 
/*weights*/ 
for(i=0;i<Wm*Wn;i++) 
        { 
        W[i]=0.0; 
        dW[i]= (2*(rand()%2)-1)/500.0; 
        } 
for(i=0;i<Vm*Vn;i++) 
        { 
        V[i]=1.0; 
        dV[i]= (2*(rand()%2)-1)/500.0; 
        } 
/*open weight and error save-files*/ 
if((wp=fopen("w.m","w"))==(FILE *)NULL) 
        err_dump("nn: could not open file <w>"); 
if((vp=fopen("v.m","w"))==(FILE *)NULL) 
        err_dump("nn: could not open file <v>"); 
if((errorp=fopen("error.m","w"))==(FILE *)NULL) 
        err_dump("nn: could not open file <error>"); 
 
/*save initial weights*/ 
fwrite(W,sizeof(double),Wm*Wn,wp); 
fwrite(V,sizeof(double),Vm*Vn,vp); 
fwrite(&errs,sizeof(double),1,errorp); 
 
} 
 
 
multiply(yy,WW,xx,WWm,WWn,xxn) 
double *yy,*WW,*xx; 
int WWm,WWn,xxn; 
{ 
int i,j,k; 
    for(i=0;i<WWm;i++) 
    for(j=0;j<xxn;j++) 
    for(k=0;k<WWn;k++) 
        yy[j*WWm+i] += (WW[k*WWm+i])*(xx[j*WWn+k]); 
} 
 
void fprop(y,x,W,V) 
double *y,*x,*W,*V; 
{ 
int i,j,k; 
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double buf[xm*xn]; 
double d[Wm*xn]; 
 
 
for(i=0;i<xm*xn;i++) 
                buf[i]= x[i]; 
        
for(i=0;i<Wm*xn;i++) 
        d[i]=0; 
if(Wn!=xm) 
    err_dump("nn: The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(d,W,buf,Wm,Wn,xn); 
for(i=0;i<Wm*xn;i++) 
        d[i]=2.0/(1.0+exp(-d[i]))-1.0; 
for(i=0;i<Vm*xn;i++) 
        y[i]=0; 
if(Vn!=Wm) 
    err_dump("nn: The dimension of the two matrixes are not fit for multiply."); 
else 
        multiply(y,V,d,Vm,Vn,xn); 
for(i=0;i<Vm*xn;i++) 
        y[i]=2.0/(1.0+exp(-y[i]))-1.0; 
return; 
} 
 
 
double sat(x,ma,mi) 
double x; 
double ma, mi; 
{ 
if(x>ma) 
 x=ma; 
else if(x<mi) 
 x=mi; 
return(x); 
} 
 
 
double nnet_run(cycle,eng_1) 
int cycle; 
double eng_1; 
{ 
int i,j; 
double out[1]; 
  
err1=err_cal(err1_1, fabs(eng_1),400.0); 
err2=err_cal(err1_1, err1,200.0); 
/* 
errs=err_cal(errs_1, err2,50.0); 
*/ 
errs=err_cal(errs_1, err2,10.0); 
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if(cycle%25==0) 
        { 
        for(i=0;i<inN-1;i++) 
                pres_his[i]=pres_his[i+1]; 
        pres_his[inN-1]=eng_1; 
        } 
if(cycle%400==0) 
{ 
if(errs<errs_1) 
 { 
 for(j=0;j<Wm*Wn;j++) 
         W[j]=sat(W[j]+dW[j],1.0,0.0); 
 for(j=0;j<Vm*Vn;j++) 
         V[j]=sat(V[j]+dV[j],1.0,0.0); 
 } 
else 
{ 
for(j=0;j<Wm*Wn;j++) 
        dW[j]= (2*(rand()%2)-1)/500.0; 
for(j=0;j<Vm*Vn;j++) 
        dV[j]= (2*(rand()%2)-1)/500.0; 
for(j=0;j<Wm*Wn;j++) 
        W[j]=sat(W[j]+dW[j],1.0,0.0); 
for(j=0;j<Vm*Vn;j++) 
        V[j]=sat(V[j]+dV[j],1.0,0.0); 
} 
} 
 
/*save weights every cmprate step*/ 
if(cycle%cmprate==0) 
 { 
 fwrite(W,sizeof(double),Wm*Wn,wp); 
 fwrite(V,sizeof(double),Vm*Vn,vp); 
        fwrite(&errs,sizeof(double),1,errorp); 
 } 
  
fprop(out, pres_his,W,V); 
errs_1=errs; 
err1_1=err1; 
return out[0]; 
} 
 
/*neural network wrap up */ 
void nnet_wrapup() 
{ 
fclose(wp); 
fclose(vp); 
fclose(errorp); 
} 
/* 
nn.h 
include files for neural network subrountines 
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Jin Liu 5/27/98 
*/ 
void nnet_init();  
void nnet_wrapup();  
double nnet_run(); 
 
 
%p.m 
%Jin Liu 5/27/98 
read_in; 
draw; 
%read_in.m 
%Jin Liu 5/27/98 
vari; 
fid=fopen('out.m'); 
[e_out n]=fread(fid, NN, 'double'); 
fid=fopen('error.m'); 
[error n]=fread(fid, NN, 'double'); 
fid=fopen('time.m'); 
[t n]=fread(fid, NN, 'double'); 
fid=fopen('param.m'); 
[omiga Tpoint]=fread(fid, Tpoint, 'double'); 
[ksi Tpoint]=fread(fid, Tpoint, 'double'); 
[b Tpoint]=fread(fid, Tpoint, 'double'); 
[tm Tpoint]=fread(fid, Tpoint, 'double'); 
fid=fopen('w.m'); 
[w n]=fread(fid,[inN*hdN, NN], 'double'); 
fid=fopen('v.m'); 
[v n]=fread(fid,[hdN, NN], 'double'); 
%vari.m 
%Jin Liu 5/27/98 
inN=8; 
hdN=3; 
PHI=8e4; 
TTIME=40; 
prate=5; 
RATE=PHI/5; 
Tpoint=TTIME*prate+1;; 
cmprate=80; 
NN=RATE*(Tpoint-1)/cmprate; 
%draw.m 
%Jin Liu 5/27/98 
vari; 
figure(1); 
subplot(4,1,1),plot(tm,omiga ); 
subplot(4,1,1), ylabel('frequency'); 
title('Limited-cycle engine output with neural network control'); 
subplot(4,1,2),plot(tm, ksi); 
subplot(4,1,2), ylabel('dampling factor'); 
axis([0, TTIME, -0.01, 0.01]); 
subplot(4,1,3),plot(tm,b); 
subplot(4,1,3), ylabel('limcle constant'); 
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subplot(4,1,4),plot(t,e_out); 
subplot(4,1,4), ylabel('eng output & error'); 
hold; 
subplot(4,1,4),plot(t,error,'r'); 
hold; 
xlabel('time (second)'); 
figure(2); 
for i=1:inN, 
 subplot(inN+2,1,i); plot(t,w(((i-1)*hdN+1):((i-1)*hdN+hdN),:)); 
end 
subplot(inN+2,1,1),title('weights'); 
subplot(inN+2,1,1),ylabel('W1'); 
subplot(inN+2,1,2),ylabel('W2'); 
subplot(inN+2,1,3),ylabel('W3'); 
subplot(inN+2,1,4),ylabel('W4'); 
subplot(inN+2,1,5),ylabel('W5'); 
subplot(inN+2,1,6),ylabel('W6'); 
subplot(inN+2,1,7),ylabel('W7'); 
subplot(inN+2,1,8),ylabel('W8'); 
subplot(inN+2,1,inN+1),plot(t,v),ylabel('V'); 
subplot(inN+2,1,inN+2),plot(t,error,'r'),ylabel('error'); 
xlabel('time (second)'); 



 235 

 



 236 

APPENDIX C.1: SPICE SIMULATION CODES 

weight cell | Jin Liu | RWC chip 
v1 vDD gnd 5  
v2 Vddd gnd 5  
v3 Vsss gnd 0  
vlastcap 9 gnd 2.5  
vsin 1 gnd pulse 5 0 200ms 0 0 200ms 400ms 
*vsin 1 gnd pulse 5 0 2ms 0 0 2ms 4ms 
vpw pw gnd 1v 
vmw mw gnd 0v 
vSS ss gnd -4.6v 
vperm perm gnd pulse  0 5 1100us 0 0 100us 2000us  
*vperm perm gnd 0  
*vperm2 perm2 gnd pulse 0 2 300us 0 0 50us 800us  
vperm2 perm2 gnd 10  
vshort 9 11 0 
vin in gnd 5v 
vph1 ph1 gnd pulse 0 5 500us 0 0 500us 2000us 
vph2 ph2 gnd pulse 0 5 1500us 0 0 500us 2000us 
m1 1 ph1 2 vSS cmosn W=3U L=2U AS=19P AD=19P PS=18U PD=18U 
m2 4 2 vdd vDD cmosp W=6U L=2U AS=30P AD=30P PS=22U PD=22U 
m3 4 2 Vsss vSS cmosn W=3U L=2U AS=19P AD=19P PS=18U PD=18U 
m4 4 ph2 5 vSS cmosn W=3U L=2U AS=19P AD=19P PS=18U PD=18U 
m5 7 5 vdd vDD cmosp W=6U L=2U AS=30P AD=30P PS=22U PD=22U 
m6 7 5 Vsss vSS cmosn W=3U L=2U AS=19P AD=19P PS=18U PD=18U 
m7 7 ph1 8 vSS cmosn W=3U L=2U AS=19P AD=19P PS=18U PD=18U 
m8 9 perm 11 vSS cmosn W=3U L=2U AS=19P AD=19P PS=18U PD=18U 
m9 8 perm 10 vSS cmosn W=3U L=2U AS=19P AD=19P PS=18U PD=18U 
m10 11 perm2 vDD vDD cmosp w=6U l=2U AS=30P AD=30P PS=22U PD=22U 
m11 12 ss pw vDD cmosp W=6U L=2U AS=30P AD=30P PS=22U PD=22U 
m12 12 10 mw vSS cmosn W=3U L=2U AS=19P AD=19P PS=18U PD=18U 
m13 12 in 13 vSS cmosn W=3U L=2U AS=19P AD=19P PS=18U PD=18U 
vout 13 gnd 0v 
csh1 2 Vddd 10f 
csh2 5 Vddd 10f 
clast 8 9 10f 
ctest 7 10 10f 
cbig 10 11 1p 
*vweight 2.5 3.5 
.MODEL CMOSN NMOS LEVEL=2 LD=0.250000U TOX=397.000000E-10 
+ NSUB=7.480638E+14 VTO=0.810693 KP=5.715000E-05 GAMMA=0.1812 
+ PHI=0.6 UO=657.14 UEXP=0.10959 UCRIT=13569.3 
+ DELTA=1.67702 VMAX=71470.6 XJ=0.250000U LAMBDA=2.112306E-02 
+ NFS=1.405881E+12 NEFF=1 NSS=1.000000E+10 TPG=1.000000 
+ RSH=25.980000 CGDO=3.261786E-10 CGSO=3.261786E-10 CGBO=6.718741E-10 
+ CJ=7.910000E-05 MJ=0.713300 CJSW=5.077000E-10 MJSW=0.317500 PB=0.800000 
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.MODEL CMOSP PMOS LEVEL=2 LD=0.250000U TOX=397.000000E-10 
+ NSUB=1.034203E+16 VTO=-0.839677 KP=2.128000E-05 GAMMA=0.6736 
+ PHI=0.6 UO=244.761 UEXP=0.260611 UCRIT=53898.5 
+ DELTA=1.000000E-06 VMAX=100000 XJ=0.250000U LAMBDA=4.449729E-02 
+ NFS=2.421025E+12 NEFF=1.001 NSS=1.000000E+10 TPG=-1.000000 
+ RSH=60.520000 CGDO=3.261786E-10 CGSO=3.261786E-10 CGBO=7.192263E-10 
+ CJ=3.196000E-04 MJ=0.576200 CJSW=3.751000E-10 MJSW=0.344700 PB=0.800000 
.option post 
.tran 50us 800ms 
.end 
 
 
 
multiplier cell 
vpw pw gnd 1v 
vmw mw gnd -1v 
vss ss gnd -3v 
vin in gnd 5v 
VDD dd gnd 5v 
m11 12 ss pw dd cmosp W=6U L=2U 
m12 12 10 mw ss cmosn W=3U L=2U 
m13 12 in 13 ss cmosn W=3U L=2U 
vout 13 gnd 0v 
.MODEL CMOSN NMOS LEVEL=2 LD=0.250000U TOX=397.000000E-10 
+ NSUB=7.480638E+14 VTO=0.810693 KP=5.715000E-05 GAMMA=0.1812 
+ PHI=0.6 UO=657.14 UEXP=0.10959 UCRIT=13569.3 
+ DELTA=1.67702 VMAX=71470.6 XJ=0.250000U LAMBDA=2.112306E-02 
+ NFS=1.405881E+12 NEFF=1 NSS=1.000000E+10 TPG=1.000000 
+ RSH=25.980000 CGDO=3.261786E-10 CGSO=3.261786E-10 CGBO=6.718741E-10 
+ CJ=7.910000E-05 MJ=0.713300 CJSW=5.077000E-10 MJSW=0.317500 PB=0.800000 
.MODEL CMOSP PMOS LEVEL=2 LD=0.250000U TOX=397.000000E-10 
+ NSUB=1.034203E+16 VTO=-0.839677 KP=2.128000E-05 GAMMA=0.6736 
+ PHI=0.6 UO=244.761 UEXP=0.260611 UCRIT=53898.5 
+ DELTA=1.000000E-06 VMAX=100000 XJ=0.250000U LAMBDA=4.449729E-02 
+ NFS=2.421025E+12 NEFF=1.001 NSS=1.000000E+10 TPG=-1.000000 
+ RSH=60.520000 CGDO=3.261786E-10 CGSO=3.261786E-10 CGBO=7.192263E-10 
+ CJ=3.196000E-04 MJ=0.576200 CJSW=3.751000E-10 MJSW=0.344700 PB=0.800000 
vw 10 0 2v 
.option post 
.dc vin 0 5 0.5  vw 0 4 0.5  
*.dc vx -1 1 0.01 
.end 
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APPENDIX C.2: THE HARDWARE SPECIFICATIONS 

The hardware specifications were as follows: 
 
Alumni box: Digi-Key 546-1590F Hammond Enclosure, 
Socket: Digi-Key 40 pin ZIF Socket, Tin, A306, 
68-pin connector: Amp 174339-5, 
50-pin connector: Digi-Key CHS50G-ND Protected Header Straight Head, 
Opamp: National Semiconductor LF 351. 
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APPENDIX C.3: DATA ACQUISITION CARD SETUP AND 

PROGRAMMING 

For this test, only AT-MIO-16E-2 is used.  Its I/O connector had 68-pins, and the pin assignment is 
shown in Figure 83. 

 

Figure 83: AT-MIO-16E-2 Pin Assignment (National Instrument User Manual) 
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Table 19: Interface between the AT-MIO-16E-2 Card and the Chip 

AT-MIO-16E-2 Chip 
Pin Number  Assignment Pin Number  Assignment 
16 DIO6 5 Input 1 
17 DIO1 15 Ph1 
19 DIO4 14 perm 
34 ACH8 For analog read in, might be the shift 

out value from the shift register or the 
output voltages from Opamp after 
current to voltage conversion 

47 DIO3 19 Ph3 
48 DIO7 4 Input 2 
49 DIO2 13 Ph2 
51 DIO5 16 Shift_in 

 
The next table shows more clearly how each digital I/O is used for different purposes: 

Table 20: Usage of the DIO Ports 

DIO port Usage allocation  
DIO0 Void  
DIO1 Ph1 
DIO2 Ph2 
DIO3 Ph3 
DIO4 Perm 
DIO5 Shift_in 
DIO6 Input 1 
DIO7 Input 2 
 
The programming for the boards is different, depending on the different testing tasks.  But the 

general training procedure is shown in the following flow chart: 
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FINITE LOOP, SHIFT IN RANDOM NUMBER

PH1 HIGH

PH1 LOW

PH2 HIGH

START AN INFINITE LOOP

PH3 AND PERM HIGH TO MAKE WEIGHT CHANGE

SET INPUT TO NETWORK, AND CALCULATE ERROR

ERROR DECREASES?

No

BREAK THE INFINITE LOOP

Yes

INITIALIZATION AND CONFIGURATION

THE FINITE NUMBER LOOP FINISHES?No

Yes

END
 

Figure 84: Flow Chart for a General-purposes Training Program 
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APPENDIX C.4: THE OPAMP CIRCUIT FOR CURRENT TO 

VOLTAGE TRANSFORMATION 

The opamp is used to transfer the chip output current to a voltage value, so that the analog input 
card could read it into the computer (it only took voltage as input, but not current).  From Figure 53, the 
chip output current range is within –100µA to 100µA.  The input voltage range is set to 0 – 5 V.  Since the 
layered network is configured in the way that the output from the first neural network layer is fed to the next 
layer, the output range should be the same as the input range.  It means the –100µA to 100µA current needs 
to be transferred to 0 – 5 V voltage range.   

A National Semiconductor LF351 opamp was used.  The pin assignment from the National 
Semiconductor data sheet is shown in Figure 85. 

 

Figure 85: LF 351 Pin Assignment (National Semiconductor Data Sheet) 
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Figure 86: Design of the Opamp Circuit 

Following the design shown in Figure 86, the output voltage (Vout) and the input current (Iin) had 
the following relation:  

Vout=2.58 – 23.5*Iin. 
The test result of the above-configured opamp gave the following result, which is the same as 

desired. 

Table 21: Test Result of the Current to Voltage Conversion with Opamp 

Iin Vout 
-100 µA 4.93 V 

0 µA 2.58V 
100 µA 2.35V 
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APPENDIX C.5: MEASUREMENT OF THE CHIP WHEN 

POWERED UP 

First, without using the computer, the chip was powered up carefully.  With the following biasing, 
when ph1 and ph2 are both held high, the shift register should act like a series of inverters.  Since there is 
always an even number of inverters before each shift-out port (pin 18 after 10 weights and pin 25 after 100 
weights), the shift-out value should be the same digital value as the shift in.  Connected to SMU, the shift-
out port is provided with a bias voltage, and the resulting current is measured.  The bias current on the gates 
of a transistor is reasonable and showed that the chip is not damaged.   

Table 22: Power Up Measurement 

Pins Vss/Vsss Vddd Ph1 Ph2 VDD Shift_in Shift_out 
S 0V 4.5V 5V 5V 0nA 5V 0nA 1 

M -0.945µA 0.945µA 0.349nA 1.386nA 4.075V 0.3nA 4.505V 

S 0V 4.5V 5V 5V 0nA 0V 0nA 2 

M -1.09µA 1.077µA 1.13nA 4.13nA 4.070V -0.8nA 0.0010V 

S 0V 4.5V 0V 5V 0nA 0V 0nA 3 

M -1.1µA 1.17µA -0.505nA 4.420nA 4.069V -0.4nA 0.001v 

S 0V 4.5V 0V 0V 0nA 0V 0nA 4 

M -0.7µA 0.744µA -0.078nA -0.155nA 4.078V -0.04nA 4.505V 

S 0V 4.5V 0V 0V 0nA 5V 0nA 5 

M -0.7µA 0.765µA -0.25nA -0.59nA 4.077V 1.0nA 4.505V 
 
The above result proved that the static shift-register part of the circuit functioned.  The next step is 

to test the multiplier circuit.  Letting ph1, ph2, ph3, and perm be high, the shift in value went through the 
shift registers and weight-programming circuits and reached the point that set the voltage of the weight.  
With VSS, Vsss, and Vmw set to ground, a 0 is shifted in.  The shift out at pin 25 is found to be 0, too.  
When raising the Vpw, the output current Iout (biased to 0 V) from the multiplier increased.  Then, the bias 
voltage at Iout is raised and the current decreased.  After that, a 1 is shifted in; the current direction is then 
inverted.  The above experiment verified that the multiplier circuit functions.   

Table 23: Voltage Biases for Multiplier Test 

Pins SMU biasing 
VDD, Vddd, perm, perm2, ph3 4.5 V 
Ph1, ph2 5 V 
Vmw, VSS, Vsss 0 V 
Shift out  0 nA 
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The output current increased as Vpw is raised; the bias voltage at Iout port V(Iout) is 0 V. 

Table 24: The Output Current as a Function of the Positive Power Supply 

Shift in 0 V 0 V 0 V 0 V 0 V 0 V 
Vpw 1 V 1.3 V 1.5 V 1.6 V 1.7 V 1.8V 
Iout -4 nA -30 nA -1.9 µA -6.4 µA -13 µA -20 µA 

 
The output current decreased as the bias voltage at the output current is increased, Vpw=1.7 V for 

this experiment: 

Table 25: The Output Current as a Function of Voltage Bias 

Shift in 0 V 0 V 0 V 0 V 0 V 
V(Iout) 0 V 0.1 V 0.2 V 0.4 V 0.5 V 
I out -13.8 µA -12 µA -9 µA -8.3 µA -8.0 µA 

 
The output current is reversed as a high ("1") is shifted in; V(Iout) is biased to be 0.5 V: 

Table 26: The Output Current is Reversed with a High ("1") Shifted in. 

Shift in 4.5 V 4.5 V 4.5 V 4.5 V 4.5 V 4.5 V 
Vpw 1.7 V 1.5 V 1.4 V 1.3 V 1.2 V 1.0 V 
I out 42.9 µA 70.6 µA 78.3 µA 78.4 µA 78.4 µA 78.4 µA 
 

The above two experiments showed that the chip is not defected.  The next step is to test the 
dynamic function of the shift register with computer-generated clock and data. 
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APPENDIX C.6: TEST CODE IN BORLAND C++ 

/* 
reg_18.C 
*/ 
 
/* 
test shift register, the shift out is read at pin 18, 10 delays from 
the shift in value. 
 
Feb. 98 
Jin Liu 
*/ 
 
#include <windows.h> 
#include <stdlib.h> 
#include <stdio.h> 
#include <math.h> 
#include <dos.h> 
#include <time.h> 
 
 
 
#include "wdaq_c.h" 
#include "Nidaqcns.h" 
#include "Nidaqerr.h" 
 
#define SMAX 20 
#define Times 20 
 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0};*/    
short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0}; 
/*short shift_in[SMAX]={1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1};*/ 
/*short shift_in[SMAX]={1, 0, 1, 0, 1, 1, 1, 1, 0, 0, 1, 1, 0, 0, 0, 0, 0, 1, 1, 0};*/ 
/*short shift_in[SMAX]={1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0};*/ 
 
void time_delay() 
{ 
/* 
clock_t start_time, end_time; 
 
start_time=clock(); 
end_time=clock(); 
while((end_time-start_time)<Period) 
 end_time=clock(); 
*/ 
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int i,b; 
for(i=0;i<1e4;i++) 
 b=i*i; 
 
} 
 
int main() 
{ 
 
 
/*Digital output*/ 
short device=2; /*board number assigned in configuration*/ 
short port=0; /*port number, 0 for AT-MIO-16E-2 only*/ 
short mode=0; /*0 for port 0*/ 
short dir=1;  /*direction, 1 for output, 0 for input*/ 
short stat; 
 
short pattern; /*8 bit integer for output pattern*/ 
int i,j,error_num; 
short perm; 
unsigned short reading[Times*SMAX], reading_tmp,a; 
float error,b; 
FILE *save_reg; /* pointer to save file*/ 
 
 
/*Config digital output ports and analog input ports*/ 
stat= DIG_Prt_Config(device, port, mode, dir);  /*config the port for output*/ 
stat=AI_Configure(device, -1, 1,5, 1, 1); 
pattern=0; 
stat = DIG_Out_Port(device, port, pattern); 
 
 
 
for(j=0;j<Times;j++) 
{ 
for(i=0;i<SMAX;i++) 
     { 
 pattern=shift_in[i]*32; /*dio5*/ 
      stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+2); 
 time_delay(); 
      stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
 time_delay(); 
 AI_Read(device, 8, 2, &reading[j*SMAX+i]); /*read from channel 8*/  
/*  
 printf("%d\n", reading[j*SMAX+i]); 
 AI_Read(device, 0, 2, &reading_tmp); 
 printf("%3.1f\n", 5.0*reading_tmp/4095.0); 
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*/  
     } 
} 
error_num=0; 
save_reg=fopen("save_reg.txt", "w"); 
fprintf(save_reg,  
"clock #      shift_in      should be         shift_out(pin 18, 10 delay) error\n"); 
for(i=0;i<SMAX*Times;i++) 
 { 
 a=shift_in[(i+11)%SMAX]; 
 b=5.0*reading[i]/4095.0; 
 error=a*5.0-b; 
 fprintf(save_reg,"%d           %d            %d          %3.1f           %3.1f", i,  
  shift_in[i%SMAX], a,b,error); 
 if((error>2 ||error<-2)&& i>10) 
  { 
  fprintf(save_reg, "  ******\n");  
  error_num++; 
  } 
 else 
  fprintf(save_reg, "\n");   
 } 
printf("total bits of error is %d/%d=%3.1f%%\n", error_num,SMAX*Times, 
100.0*error_num/SMAX/Times); 
fprintf(save_reg,"total bits of error is %d/%d=%3.1f%%\n", error_num,SMAX*Times, 
100.0*error_num/SMAX/Times); 
fclose(save_reg); 
exit(0); 
} 
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/* 
reg_25.c 
*/ 
/* 
 
test shift register, the shift out is read at pin 25, 100 delays from 
the shift in value. 
 
Jin Liu 
Feb. 98 
*/ 
 
#include <windows.h> 
#include <stdlib.h> 
#include <stdio.h> 
#include <math.h> 
#include <dos.h> 
#include <time.h> 
 
 
 
#include "wdaq_c.h" 
#include "Nidaqcns.h" 
#include "Nidaqerr.h" 
 
#define SMAX 20 
#define Times 20 
 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0};*/    
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1};*/ 
short shift_in[SMAX]={1, 0, 1, 0, 1, 1, 1, 1, 0, 0, 1, 1, 0, 0, 0, 0, 0, 1, 1, 0}; 
/*short shift_in[SMAX]={1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0};*/ 
 
void time_delay() 
{ 
/* 
clock_t start_time, end_time; 
 
start_time=clock(); 
end_time=clock(); 
while((end_time-start_time)<Period) 
 end_time=clock(); 
*/ 
 
int i,b; 
for(i=0;i<1e5;i++) 
 b=i*i; 
 
} 
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int main() 
{ 
 
 
/*Digital output*/ 
short device=2; /*board number assigned in configuration*/ 
short port=0; /*port number, 0 for AT-MIO-16E-2 only*/ 
short mode=0; /*0 for port 0*/ 
short dir=1;  /*direction, 1 for output, 0 for input*/ 
short stat; 
 
short pattern; /*8 bit integer for output pattern*/ 
int i,j,error_num; 
short perm; 
unsigned short reading[Times*SMAX], reading_tmp,a; 
float error,b; 
FILE *save_reg; 
 
/*Config digital output ports and analog input ports*/ 
stat= DIG_Prt_Config(device, port, mode, dir);  /*config the port for output*/ 
stat=AI_Configure(device, -1, 1,5, 1, 1); 
pattern=0; 
stat = DIG_Out_Port(device, port, pattern); 
 
 
for(j=0;j<Times;j++) 
{ 
for(i=0;i<SMAX;i++) 
     { 
 pattern=shift_in[i]*32; /*dio5*/ 
      stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+2); 
 time_delay(); 
      stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
 time_delay(); 
 AI_Read(device, 8, 2, &reading[j*SMAX+i]); /*read from channel 8*/   
/*  
 printf("%d\n", reading[j*SMAX+i]); 
 AI_Read(device, 0, 2, &reading_tmp); 
 printf("%3.1f\n", 5.0*reading_tmp/4095.0); 
*/  
     } 
} 
error_num=0; 
save_reg=fopen("save_reg.txt", "w"); 
fprintf(save_reg,  
"clock #      shift_in      should be         shift_out(pin 25, 100 delay) error\n"); 
for(i=0;i<SMAX*Times;i++) 
 { 
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 a=shift_in[(i+101)%SMAX]; 
 b=5.0*reading[i]/4095.0; 
 error=a*5.0-b; 
 fprintf(save_reg,"%d           %d            %d          %3.1f           %3.1f", i,  
  shift_in[i%SMAX], a,b,error); 
 if((error>2 ||error<-2)&& i>100) 
  { 
  fprintf(save_reg, "  ******\n");  
  error_num++; 
  } 
 else 
  fprintf(save_reg, "\n");   
 } 
printf("total bits of error is %d/%d=%3.1f%%\n", error_num,SMAX*Times, 
100.0*error_num/SMAX/Times); 
fprintf(save_reg,"total bits of error is %d/%d=%3.1f%%\n", error_num,SMAX*Times, 
100.0*error_num/SMAX/Times); 
fclose(save_reg); 
exit(0); 
} 
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/* 
updown.c 
Jin Liu 
April 1st, 1998 
 
Test to shift up and down weight 
*/ 
 
#include <windows.h> 
#include <stdlib.h> 
#include <stdio.h> 
#include <math.h> 
#include <dos.h> 
#include <time.h> 
 
 
 
#include "wdaq_c.h" 
#include "Nidaqcns.h" 
#include "Nidaqerr.h" 
 
#define SMAX 1 
#define Cycles 9000 
#define Times 200 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0};*/    
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1};*/ 
/*short shift_in[SMAX]={1, 0, 1, 0, 1, 1, 1, 1, 0, 0, 1, 1, 0, 0, 0, 0, 0, 1, 1, 0};*/ 
/*short shift_in[SMAX]={1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0};*/ 
short shift_in[SMAX]={1}; 
 
 
void time_delay() 
{ 
/* 
clock_t start_time, end_time; 
 
start_time=clock(); 
end_time=clock(); 
while((end_time-start_time)<Period) 
 end_time=clock(); 
*/ 
 
int i,b; 
for(i=0;i<1e3;i++) 
 b=i*i; 
 
} 
 
int main() 
{ 
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/*Digital output*/ 
short device=2; /*board number assigned in configuration*/ 
short port=0; /*port number, 0 for AT-MIO-16E-2 only*/ 
short mode=0; /*0 for port 0*/ 
short dir=1;  /*direction, 1 for output, 0 for input*/ 
short stat; 
 
short pattern; /*8 bit integer for output pattern*/ 
int i,j,k,error_num; 
short perm; 
unsigned short reading[Times*SMAX], reading_tmp,a; 
float error,b; 
FILE *save_reg; 
 
/*Config digital output ports and analog input ports*/ 
stat= DIG_Prt_Config(device, port, mode, dir);  /*config the port for output*/ 
stat=AI_Configure(device, -1, 1,5, 1, 1); 
pattern=0; 
stat = DIG_Out_Port(device, port, pattern); 
 
 
 
 
 
for(k=0;k<Cycles;k++) 
{ 
pattern=(k%2)*32;  /*dio5*/ 
for(j=0;j<Times;j++) 
{ 
 for(i=0;i<SMAX;i++) 
 { 
 stat = DIG_Out_Port(device, port, pattern); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+2); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
     time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+4+8); 
 stat = DIG_Out_Port(device, port, pattern+4+16); 
 AI_Read(device, 8, 2, &reading[j*SMAX+i]);  
 }     
} 
} 
 
error_num=0; 
save_reg=fopen("save_reg.txt", "w"); 
fprintf(save_reg, "clock #      shift_in      should be         shift_out(pin 25, 100 delay) error\n"); 
for(i=0;i<SMAX*Times;i++) 
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 { 
 a=shift_in[(i+101)%SMAX]; 
 b=5.0*reading[i]/4095.0; 
 error=a*5.0-b; 
 fprintf(save_reg,"%d           %d            %d          %3.1f           %3.1f", i,  
  shift_in[i%SMAX], a,b,error); 
 if((error>2 ||error<-2)&& i>10) 
  { 
  fprintf(save_reg, "  ******\n");  
  error_num++; 
  } 
 else 
  fprintf(save_reg, "\n");   
 } 
printf("total bits of error is %d/%d=%3.1f%%\n", error_num,SMAX*Times, 
100.0*error_num/SMAX/Times); 
fprintf(save_reg,"total bits of error is %d/%d=%3.1f%%\n", error_num,SMAX*Times, 
100.0*error_num/SMAX/Times); 
fclose(save_reg); 
exit(0); 
} 
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/* 
1in_1.c 
Jin Liu 
April 14th, 1998 
 
Test to train a weight to a certain value, i.e. fixed the input 5v, ask the network to find 
the appropriete weight for a desired output value DSOUT. 
Training with capacitor coupled pulse as trial, no permanent change is made 
until the change is in the right direction. 
*/ 
 
#include <windows.h> 
#include <stdlib.h> 
#include <stdio.h> 
#include <math.h> 
#include <dos.h> 
#include <time.h> 
 
 
 
#include "wdaq_c.h" 
#include "Nidaqcns.h" 
#include "Nidaqerr.h" 
 
#define SMAX 20 
#define Cycles 20 
#define Times 800 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0};*/    
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1};*/ 
short shift_in[SMAX]={1, 0, 1, 0, 1, 1, 1, 1, 0, 0, 1, 1, 0, 0, 0, 0, 0, 1, 1, 0}; 
/*short shift_in[SMAX]={0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1};*/ 
/*short shift_in[SMAX]={0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 
0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
 
void time_delay() 
{ 
/* 
clock_t start_time, end_time; 
 
start_time=clock(); 
end_time=clock(); 
while((end_time-start_time)<Period) 
 end_time=clock(); 
*/ 
 
int i,b; 
for(i=0;i<1e3;i++) 
 b=i*i; 
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} 
 
float err_cal(a) 
float a; 
{ 
float b, desout=1.5; 
b=desout-a; 
if(b>0) 
return(b); 
else 
return(-b); 
} 
 
int main() 
{ 
 
 
/*Digital output*/ 
short device=2; /*board number assigned in configuration*/ 
short port=0; /*port number, 0 for AT-MIO-16E-2 only*/ 
short mode=0; /*0 for port 0*/ 
short dir=1;  /*direction, 1 for output, 0 for input*/ 
short stat; 
 
short pattern; /*8 bit integer for output pattern*/ 
int i,j,k,error_num; 
short perm; 
unsigned short reading[Times*SMAX], reading_tmp,a; 
float error,b, error_old=1000.0, error_new=1000.0; 
FILE *save_reg; 
 
/*Initialization and configuration*/ 
stat= DIG_Prt_Config(device, port, mode, dir);  /*config the port for output*/ 
stat=AI_Configure(device, -1, 1,5, 1, 1); 
pattern=0; 
stat = DIG_Out_Port(device, port, pattern); 
 
/*weight up and down*/ 
/* 
for(k=0;k<Cycles;k++) 
{ 
pattern=(k%2)*32;  
for(j=0;j<Times;j++) 
{ 
 for(i=0;i<1;i++) 
 { 
 stat = DIG_Out_Port(device, port, pattern); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+2+8); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+16); 
 stat = DIG_Out_Port(device, port, pattern); 
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    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
     time_delay(); 
 AI_Read(device, 8, 2, &reading[j+i]);  
 }     
} 
} 
*/ 
/* 
0 bad soldering make it not usable 
1 clock 1 
2 clock 2 
3 clock 3 
4 perm 
5 shift_in 
6 in1 pin 5 
7 in2 pin 4 
*/ 
for(j=0;j<Times;j++) 
{ 
 for(i=0;i<SMAX;i++) 
 { 
 pattern=(shift_in[i])*32;  /*dio5*/ 
 stat = DIG_Out_Port(device, port, pattern); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+2); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
     time_delay(); 
 /*printf("\n");*/ 
 while(1) 
 { 
 AI_Read(device, 8, 2, &reading[j*SMAX+i]);  
 /*printf("%f,", reading[j*SMAX+i]*5.0/4095.0);*/ 
 error_old=error_new; 
 error_new=err_cal(reading[j*SMAX+i]*5.0/4095.0); 
 if(error_new>error_old)  
  break; 
 else 
  { 
  stat = DIG_Out_Port(device, port, pattern+4+8); 
  stat = DIG_Out_Port(device, port, pattern+4+16); 
  stat = DIG_Out_Port(device, port, pattern+4); 
  stat = DIG_Out_Port(device, port, pattern+4); 
  } 
   
 } 
 }     
} 
save_reg=fopen("save_reg.txt", "w"); 
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fprintf(save_reg,"cycle \t output \t error \n"); 
for(i=0;i<SMAX*Times;i++) 
fprintf(save_reg,"%d         %f       %f \n", i,reading[i]*5.0/4095.0, err_cal(reading[i]*5.0/4095.0)); 
fclose(save_reg); 
 
exit(0); 
} 
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/* 
1in_2.c 
Jin Liu 
April 14th, 1998 
 
Test to train a weight to a certain value, i.e. fixed the input 5v, ask the network to find 
the appropriete weight for a desired output value DSOUT. 
Train with 01/10 pairs. 
*/ 
 
#include <windows.h> 
#include <stdlib.h> 
#include <stdio.h> 
#include <math.h> 
#include <dos.h> 
#include <time.h> 
 
 
 
#include "wdaq_c.h" 
#include "Nidaqcns.h" 
#include "Nidaqerr.h" 
 
#define SMAX 20 
#define Cycles 20 
#define Times 400 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0};*/    
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1};*/ 
/*short shift_in[SMAX]={1, 0, 1, 0, 1, 1, 1, 1, 0, 0, 1, 1, 0, 0, 0, 0, 0, 1, 1, 0};*/ 
short shift_in[SMAX]={0, 1, 1, 0, 1, 0, 1, 0, 0, 1, 0, 1, 1, 0, 1, 0, 1, 0, 0, 1}; 
/*short shift_in[SMAX]={0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 
0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
 
void time_delay() 
{ 
/* 
clock_t start_time, end_time; 
 
start_time=clock(); 
end_time=clock(); 
while((end_time-start_time)<Period) 
 end_time=clock(); 
*/ 
 
int i,b; 
for(i=0;i<1e3;i++) 
 b=i*i; 
 
} 
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float err_cal(a) 
float a; 
{ 
float b, desout=1.5; 
b=desout-a; 
if(b>0) 
return(b); 
else 
return(-b); 
} 
 
int main() 
{ 
 
 
/*Digital output*/ 
short device=2; /*board number assigned in configuration*/ 
short port=0; /*port number, 0 for AT-MIO-16E-2 only*/ 
short mode=0; /*0 for port 0*/ 
short dir=1;  /*direction, 1 for output, 0 for input*/ 
short stat; 
 
short pattern; /*8 bit integer for output pattern*/ 
int i,j,k,error_num; 
short perm; 
unsigned short reading[Times*SMAX], reading_tmp,a; 
float error,b, error_old=1000.0, error_new=1000.0; 
FILE *save_reg; 
 
/*Initialization and configuration*/ 
stat= DIG_Prt_Config(device, port, mode, dir);  /*config the port for output*/ 
stat=AI_Configure(device, -1, 1,5, 1, 1); 
pattern=0; 
stat = DIG_Out_Port(device, port, pattern); 
 
/*weight up and down*/ 
/* 
for(k=0;k<Cycles;k++) 
{ 
pattern=(k%2)*32;  
for(j=0;j<Times;j++) 
{ 
 for(i=0;i<1;i++) 
 { 
 stat = DIG_Out_Port(device, port, pattern); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+2+8); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+16); 
 stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
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     stat = DIG_Out_Port(device, port, pattern+4); 
     time_delay(); 
 AI_Read(device, 8, 2, &reading[j+i]);  
 }     
} 
} 
*/ 
/* 
0 bad soldering make it not usable 
1 clock 1 
2 clock 2 
3 clock 3 
4 perm 
5 shift_in 
6 in1 pin 5 
7 in2 pin 4 
*/ 
for(j=0;j<Times;j++) 
{ 
 for(i=0;i<SMAX;i++) 
 { 
 pattern=(shift_in[i])*32;  /*dio5*/ 
 stat = DIG_Out_Port(device, port, pattern); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+2); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
     time_delay(); 
 /*printf("\n");*/ 
 while(1) 
 { 
 stat = DIG_Out_Port(device, port, pattern+4+8); 
 stat = DIG_Out_Port(device, port, pattern+4+16); 
 AI_Read(device, 8, 2, &reading[j*SMAX+i]);  
 /*printf("%f,", reading[j*SMAX+i]*5.0/4095.0);*/ 
 error_old=error_new; 
 error_new=err_cal(reading[j*SMAX+i]*5.0/4095.0); 
 if(error_new>error_old)  
  break; 
  
   
 } 
 }     
} 
save_reg=fopen("save_reg.txt", "w"); 
fprintf(save_reg,"cycle \t output \t error \n"); 
for(i=0;i<SMAX*Times;i++) 
fprintf(save_reg,"%d         %f       %f \n", i,reading[i]*5.0/4095.0, err_cal(reading[i]*5.0/4095.0)); 
fclose(save_reg); 
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exit(0); 
} 
 



 263 

/* 
1in_3.c 
Jin Liu 
April 14th, 1998 
 
Test to train a weight to a certain value, i.e. fixed the input 5v, ask the network to find 
the appropriete weight for a desired output value DSOUT. 
Train with total random number. 
*/ 
 
#include <windows.h> 
#include <stdlib.h> 
#include <stdio.h> 
#include <math.h> 
#include <dos.h> 
#include <time.h> 
 
 
 
#include "wdaq_c.h" 
#include "Nidaqcns.h" 
#include "Nidaqerr.h" 
 
#define SMAX 20 
#define Cycles 20 
#define Times 400 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0};*/    
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1};*/ 
short shift_in[SMAX]={1, 0, 1, 0, 1, 1, 1, 1, 0, 0, 1, 1, 0, 0, 0, 0, 0, 1, 1, 0}; 
/*short shift_in[SMAX]={0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1};*/ 
/*short shift_in[SMAX]={0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 
0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
 
void time_delay() 
{ 
/* 
clock_t start_time, end_time; 
 
start_time=clock(); 
end_time=clock(); 
while((end_time-start_time)<Period) 
 end_time=clock(); 
*/ 
 
int i,b; 
for(i=0;i<1e3;i++) 
 b=i*i; 
 
} 
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float err_cal(a) 
float a; 
{ 
float b, desout=1.5; 
b=desout-a; 
if(b>0) 
return(b); 
else 
return(-b); 
} 
 
int main() 
{ 
 
/*Digital output*/ 
short device=2; /*board number assigned in configuration*/ 
short port=0; /*port number, 0 for AT-MIO-16E-2 only*/ 
short mode=0; /*0 for port 0*/ 
short dir=1;  /*direction, 1 for output, 0 for input*/ 
short stat; 
 
short pattern; /*8 bit integer for output pattern*/ 
int i,j,k,error_num; 
short perm; 
unsigned short reading[Times*SMAX], reading_tmp,a; 
float error,b, error_old=1000.0, error_new=1000.0; 
FILE *save_reg; 
 
/*Initialization and configuration*/ 
stat= DIG_Prt_Config(device, port, mode, dir);  /*config the port for output*/ 
stat=AI_Configure(device, -1, 1,5, 1, 1); 
pattern=0; 
stat = DIG_Out_Port(device, port, pattern); 
 
/*weight up and down*/ 
/* 
for(k=0;k<Cycles;k++) 
{ 
pattern=(k%2)*32;  
for(j=0;j<Times;j++) 
{ 
 for(i=0;i<1;i++) 
 { 
 stat = DIG_Out_Port(device, port, pattern); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+2+8); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+16); 
 stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
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     time_delay(); 
 AI_Read(device, 8, 2, &reading[j+i]);  
 }     
} 
} 
*/ 
/* 
0 bad soldering make it not usable 
1 clock 1 
2 clock 2 
3 clock 3 
4 perm 
5 shift_in 
6 in1 pin 5 
7 in2 pin 4 
*/ 
for(j=0;j<Times;j++) 
{ 
 for(i=0;i<SMAX;i++) 
 { 
 pattern=(shift_in[i])*32;  /*dio5*/ 
 stat = DIG_Out_Port(device, port, pattern); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+2); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
     time_delay(); 
 /*printf("\n");*/ 
 while(1) 
 { 
 stat = DIG_Out_Port(device, port, pattern+4+8); 
 stat = DIG_Out_Port(device, port, pattern+4+16); 
 AI_Read(device, 8, 2, &reading[j*SMAX+i]);  
 /*printf("%f,", reading[j*SMAX+i]*5.0/4095.0);*/ 
 error_old=error_new; 
 error_new=err_cal(reading[j*SMAX+i]*5.0/4095.0); 
 if(error_new>error_old)  
  break; 
  
   
 } 
 }     
} 
save_reg=fopen("save_reg.txt", "w"); 
fprintf(save_reg,"cycle \t output \t error \n"); 
for(i=0;i<SMAX*Times;i++) 
fprintf(save_reg,"%d         %f       %f \n", i,reading[i]*5.0/4095.0, err_cal(reading[i]*5.0/4095.0)); 
fclose(save_reg); 
 
exit(0); 
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} 
 



 267 

/* 
inverter_it.c 
Jin Liu 
April, 1998 
 
2-input inverter.  One held high for reference, the other input got 
inverted and send to the output.  Record high and low values of 
each interation. 
*/ 
 
#include <windows.h> 
#include <stdlib.h> 
#include <stdio.h> 
#include <math.h> 
#include <dos.h> 
#include <time.h> 
 
 
 
#include "wdaq_c.h" 
#include "Nidaqcns.h" 
#include "Nidaqerr.h" 
 
#define SMAX 20 
#define Cycles 20 
#define Times 40 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0};*/    
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0, 1, 1, 0, 0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1, 0, 0, 0, 0, 1, 1, 1, 1};*/ 
short shift_in[SMAX]={1, 0, 1, 0, 1, 1, 1, 1, 0, 0, 1, 1, 0, 0, 0, 0, 0, 1, 1, 0}; 
/*short shift_in[SMAX]={0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1, 0, 1};*/ 
/*short shift_in[SMAX]={0, 1, 1, 0, 1, 0, 1, 0, 0, 1, 0, 1, 1, 0, 1, 0, 1, 0, 0, 1};*/ 
/*short shift_in[SMAX]={0};*/ 
/*short shift_in[SMAX]={1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 
0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0};*/ 
 
void time_delay() 
{ 
/* 
clock_t start_time, end_time; 
 
start_time=clock(); 
end_time=clock(); 
while((end_time-start_time)<Period) 
 end_time=clock(); 
*/ 
 
int i,b; 
for(i=0;i<1e3;i++) 
 b=i*i; 
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} 
float err_cal(a0, a1) 
float a0, a1; 
{ 
 
float b0=1.0, b1=2.0; 
float error=0.0; 
error=(a0-b0)*(a0-b0)+(a1-b1)*(a1-b1); 
return(error); 
 
/* 
return(a0-a1); 
*/ 
} 
 
int main() 
{ 
/*Analog input*/ 
 
/*Digital output*/ 
short device=2; /*board number assigned in configuration*/ 
short port=0; /*port number, 0 for AT-MIO-16E-2 only*/ 
short mode=0; /*0 for port 0*/ 
short dir=1;  /*direction, 1 for output, 0 for input*/ 
short stat; 
 
short pattern; /*8 bit integer for output pattern*/ 
int i,j,k,error_num; 
short perm; 
unsigned short reading0[Times*SMAX], reading1[Times*SMAX], reading_tmp,a; 
float error,b, error_old=1000.0, error_new=1000.0; 
FILE *save_clk, *save_it; 
 
/*Initialization and configuration*/ 
stat= DIG_Prt_Config(device, port, mode, dir);  /*config the port for output*/ 
stat=AI_Configure(device, -1, 1,5, 1, 1); 
pattern=0; 
stat = DIG_Out_Port(device, port, pattern); 
 
/*weight up and down*/ 
/* 
for(k=0;k<Cycles;k++) 
{ 
pattern=(k%2)*32;  
for(j=0;j<Times;j++) 
{ 
 for(i=0;i<1;i++) 
 { 
 stat = DIG_Out_Port(device, port, pattern); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+2+8); 
 time_delay(); 
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 stat = DIG_Out_Port(device, port, pattern+16); 
 stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
     time_delay(); 
 AI_Read(device, 8, 2, &reading[j+i]);  
 }     
} 
} 
*/ 
/* 
0 bad soldering make it not usable 
1 clock 1 
2 clock 2 
3 clock 3 
4 perm 
5 shift_in 
6 in1 pin 5 
7 in2 pin 4 
*/ 
save_it=fopen("save_it.txt", "w"); 
fprintf(save_it,"output0 output1 error \n"); 
for(j=0;j<Times;j++) 
{ 
 for(i=0;i<SMAX;i++) 
 { 
 pattern=(shift_in[i])*32;  /*dio5*/ 
 stat = DIG_Out_Port(device, port, pattern); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern+2); 
 time_delay(); 
 stat = DIG_Out_Port(device, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(device, port, pattern+4); 
     time_delay(); 
 while(1) 
 { 
 stat = DIG_Out_Port(device, port, pattern+4+8); 
 stat = DIG_Out_Port(device, port, pattern+4+16); 
 AI_Read(device, 8, 2, &reading1[j*SMAX+i]);  
 stat = DIG_Out_Port(device, port, pattern+128); 
 AI_Read(device, 8, 2, &reading0[j*SMAX+i]);  
 error_old=error_new; 
 error_new=err_cal(reading0[j*SMAX+i]*5.0/4095.0, reading1[j*SMAX+i]*5.0/4095.0); 
 fprintf(save_it,"%f     %f       %f\n",  
  reading0[j*SMAX+i]*5.0/4095.0,reading1[j*SMAX+i]*5.0/4095.0,error_new); 
 if(error_new>error_old)  
  break; 
 } 
 }     
} 
fclose(save_it); 
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save_clk=fopen("save_clk.txt", "w"); 
fprintf(save_clk,"cycle \t output0 \t output1 \t error \n"); 
for(i=0;i<SMAX*Times;i++) 
fprintf(save_clk,"%d         %f       %f     %f \n", i,reading0[i]*5.0/4095.0, reading1[i]*5.0/4095.0, 
err_cal(reading0[i]*5.0/4095.0,reading1[i]*5.0/4095.0)); 
fclose(save_clk); 
 
exit(0); 
} 
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APPENDIX C.7: TEST RESULT FOR THE SHIFT REGISTER 

/* 
readme.txt 
Jin Liu 
 
Test result for shift-register 
*/ 
(1)when clock time constant is 1e4 
the error out of pin 18 (10 delay) 
        for pattern     10                      reg18_1.txt   5% 
                        1100                    reg18_2.txt  3% 
                        11110000                reg18_4.txt  0% 
                        111111000000            reg18_6.txt  0% 
                        11111111110000000000    reg18_10.txt 0% 
the error out of pin 25 (100 delay)     
        for pattern     10                      reg25_1.txt 35% 
                        1100                    reg25_2.txt   33% 
                        11110000                reg25_4.txt   0% 
                        111111000000            reg25_6.txt   0% 
                        11111111110000000000    reg25_10.txt  0% 
 
 
(2)when clock time constant is 4e4 
the error out of pin 25 (100 delay)     
        for pattern     10                      reg25_1_4.txt  0% 
                        1100                    reg25_2_4.txt 0% 
                         
(3)when clock time constant is 1e5 
the error out of pin 25 (100 delay)     
        for pattern     10                      reg25_1_10.txt  0% 
                        1100                    reg25_2_10.txt 0% 
                        10101111001100000110 reg25_mix_10.txt 0% 
 
/* 
reg25_mix_10.txt 
Jin Liu 
Raw data for shift register test. 
 
*/ 
clock #      shift_in      should be         shift_out(pin 25, 100 delay) error 
0           1            0          5.0           -5.0 
1           0            1          5.0           0.0 
2           1            0          5.0           -5.0 
3           0            1          5.0           0.0 
4           1            1          5.0           0.0 
5           1            1          5.0           0.0 
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6           1            1          5.0           0.0 
7           1            0          5.0           -5.0 
8           0            0          5.0           -5.0 
9           0            1          5.0           0.0 
10           1            1          5.0           0.0 
11           1            0          5.0           -5.0 
12           0            0          5.0           -5.0 
13           0            0          5.0           -5.0 
14           0            0          5.0           -5.0 
15           0            0          5.0           -5.0 
16           0            1          5.0           0.0 
17           1            1          5.0           0.0 
18           1            0          5.0           -5.0 
19           0            1          5.0           0.0 
20           1            0          5.0           -5.0 
21           0            1          5.0           0.0 
22           1            0          5.0           -5.0 
23           0            1          5.0           0.0 
24           1            1          5.0           0.0 
25           1            1          5.0           0.0 
26           1            1          5.0           0.0 
27           1            0          5.0           -5.0 
28           0            0          5.0           -5.0 
29           0            1          5.0           0.0 
30           1            1          5.0           0.0 
31           1            0          5.0           -5.0 
32           0            0          5.0           -5.0 
33           0            0          5.0           -5.0 
34           0            0          5.0           -5.0 
35           0            0          5.0           -5.0 
36           0            1          5.0           0.0 
37           1            1          5.0           0.0 
38           1            0          5.0           -5.0 
39           0            1          5.0           0.0 
40           1            0          5.0           -5.0 
41           0            1          5.0           0.0 
42           1            0          5.0           -5.0 
43           0            1          5.0           0.0 
44           1            1          5.0           0.0 
45           1            1          5.0           0.0 
46           1            1          5.0           0.0 
47           1            0          5.0           -5.0 
48           0            0          5.0           -5.0 
49           0            1          5.0           0.0 
50           1            1          5.0           0.0 
51           1            0          5.0           -5.0 
52           0            0          5.0           -5.0 
53           0            0          5.0           -5.0 
54           0            0          5.0           -5.0 
55           0            0          5.0           -5.0 
56           0            1          5.0           0.0 
57           1            1          5.0           0.0 
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58           1            0          5.0           -5.0 
59           0            1          5.0           0.0 
60           1            0          5.0           -5.0 
61           0            1          5.0           0.0 
62           1            0          5.0           -5.0 
63           0            1          5.0           0.0 
64           1            1          5.0           0.0 
65           1            1          5.0           0.0 
66           1            1          5.0           0.0 
67           1            0          5.0           -5.0 
68           0            0          5.0           -5.0 
69           0            1          5.0           0.0 
70           1            1          5.0           0.0 
71           1            0          5.0           -5.0 
72           0            0          5.0           -5.0 
73           0            0          5.0           -5.0 
74           0            0          5.0           -5.0 
75           0            0          5.0           -5.0 
76           0            1          5.0           0.0 
77           1            1          5.0           0.0 
78           1            0          5.0           -5.0 
79           0            1          5.0           0.0 
80           1            0          5.0           -5.0 
81           0            1          5.0           0.0 
82           1            0          5.0           -5.0 
83           0            1          5.0           0.0 
84           1            1          5.0           0.0 
85           1            1          5.0           0.0 
86           1            1          5.0           0.0 
87           1            0          5.0           -5.0 
88           0            0          5.0           -5.0 
89           0            1          5.0           0.0 
90           1            1          5.0           0.0 
91           1            0          5.0           -5.0 
92           0            0          5.0           -5.0 
93           0            0          5.0           -5.0 
94           0            0          5.0           -5.0 
95           0            0          5.0           -5.0 
96           0            1          5.0           0.0 
97           1            1          5.0           0.0 
98           1            0          5.0           -5.0 
99           0            1          5.0           0.0 
100           1            0          0.0           0.0 
101           0            1          5.0           0.0 
102           1            0          0.0           0.0 
103           0            1          5.0           0.0 
104           1            1          5.0           0.0 
105           1            1          5.0           0.0 
106           1            1          5.0           0.0 
107           1            0          0.0           0.0 
108           0            0          0.0           0.0 
109           0            1          5.0           0.0 
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110           1            1          5.0           0.0 
111           1            0          0.0           0.0 
112           0            0          0.0           0.0 
113           0            0          0.0           0.0 
114           0            0          0.0           0.0 
115           0            0          0.0           0.0 
116           0            1          5.0           0.0 
117           1            1          5.0           0.0 
118           1            0          0.0           0.0 
119           0            1          5.0           0.0 
120           1            0          0.0           0.0 
121           0            1          5.0           0.0 
122           1            0          0.0           0.0 
123           0            1          5.0           0.0 
124           1            1          5.0           0.0 
125           1            1          5.0           0.0 
126           1            1          5.0           0.0 
127           1            0          0.0           0.0 
128           0            0          0.0           0.0 
129           0            1          5.0           0.0 
130           1            1          5.0           0.0 
131           1            0          0.0           0.0 
132           0            0          0.0           0.0 
133           0            0          0.0           0.0 
134           0            0          0.0           0.0 
135           0            0          0.0           0.0 
136           0            1          5.0           0.0 
137           1            1          5.0           0.0 
138           1            0          0.0           0.0 
139           0            1          5.0           0.0 
140           1            0          0.0           0.0 
141           0            1          5.0           0.0 
142           1            0          0.0           0.0 
143           0            1          5.0           0.0 
144           1            1          5.0           0.0 
145           1            1          5.0           0.0 
146           1            1          5.0           0.0 
147           1            0          0.0           0.0 
148           0            0          0.0           0.0 
149           0            1          5.0           0.0 
150           1            1          5.0           0.0 
151           1            0          0.0           0.0 
152           0            0          0.0           0.0 
153           0            0          0.0           0.0 
154           0            0          0.0           0.0 
155           0            0          0.0           0.0 
156           0            1          5.0           0.0 
157           1            1          5.0           0.0 
158           1            0          0.0           0.0 
159           0            1          5.0           0.0 
160           1            0          0.0           0.0 
161           0            1          5.0           0.0 
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162           1            0          0.0           0.0 
163           0            1          5.0           0.0 
164           1            1          5.0           0.0 
165           1            1          5.0           0.0 
166           1            1          5.0           0.0 
167           1            0          0.0           0.0 
168           0            0          0.0           0.0 
169           0            1          5.0           0.0 
170           1            1          5.0           0.0 
171           1            0          0.0           0.0 
172           0            0          0.0           0.0 
173           0            0          0.0           0.0 
174           0            0          0.0           0.0 
175           0            0          0.0           0.0 
176           0            1          5.0           0.0 
177           1            1          5.0           0.0 
178           1            0          0.0           0.0 
179           0            1          5.0           0.0 
180           1            0          0.0           0.0 
181           0            1          5.0           0.0 
182           1            0          0.0           0.0 
183           0            1          5.0           0.0 
184           1            1          5.0           0.0 
185           1            1          5.0           0.0 
186           1            1          5.0           0.0 
187           1            0          0.0           0.0 
188           0            0          0.0           0.0 
189           0            1          5.0           0.0 
190           1            1          5.0           0.0 
191           1            0          0.0           0.0 
192           0            0          0.0           0.0 
193           0            0          0.0           0.0 
194           0            0          0.0           0.0 
195           0            0          0.0           0.0 
196           0            1          5.0           0.0 
197           1            1          5.0           0.0 
198           1            0          0.0           0.0 
199           0            1          5.0           0.0 
200           1            0          0.0           0.0 
201           0            1          5.0           0.0 
202           1            0          0.0           0.0 
203           0            1          5.0           0.0 
204           1            1          5.0           0.0 
205           1            1          5.0           0.0 
206           1            1          5.0           0.0 
207           1            0          0.0           0.0 
208           0            0          0.0           0.0 
209           0            1          5.0           0.0 
210           1            1          5.0           0.0 
211           1            0          0.0           0.0 
212           0            0          0.0           0.0 
213           0            0          0.0           0.0 
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214           0            0          0.0           0.0 
215           0            0          0.0           0.0 
216           0            1          5.0           0.0 
217           1            1          5.0           0.0 
218           1            0          0.0           0.0 
219           0            1          5.0           0.0 
220           1            0          0.0           0.0 
221           0            1          5.0           0.0 
222           1            0          0.0           0.0 
223           0            1          5.0           0.0 
224           1            1          5.0           0.0 
225           1            1          5.0           0.0 
226           1            1          5.0           0.0 
227           1            0          0.0           0.0 
228           0            0          0.0           0.0 
229           0            1          5.0           0.0 
230           1            1          5.0           0.0 
231           1            0          0.0           0.0 
232           0            0          0.0           0.0 
233           0            0          0.0           0.0 
234           0            0          0.0           0.0 
235           0            0          0.0           0.0 
236           0            1          5.0           0.0 
237           1            1          5.0           0.0 
238           1            0          0.0           0.0 
239           0            1          5.0           0.0 
240           1            0          0.0           0.0 
241           0            1          5.0           0.0 
242           1            0          0.0           0.0 
243           0            1          5.0           0.0 
244           1            1          5.0           0.0 
245           1            1          5.0           0.0 
246           1            1          5.0           0.0 
247           1            0          0.0           0.0 
248           0            0          0.0           0.0 
249           0            1          5.0           0.0 
250           1            1          5.0           0.0 
251           1            0          0.0           0.0 
252           0            0          0.0           0.0 
253           0            0          0.0           0.0 
254           0            0          0.0           0.0 
255           0            0          0.0           0.0 
256           0            1          5.0           0.0 
257           1            1          5.0           0.0 
258           1            0          0.0           0.0 
259           0            1          5.0           0.0 
260           1            0          0.0           0.0 
261           0            1          5.0           0.0 
262           1            0          0.0           0.0 
263           0            1          5.0           0.0 
264           1            1          5.0           0.0 
265           1            1          5.0           0.0 
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266           1            1          5.0           0.0 
267           1            0          0.0           0.0 
268           0            0          0.0           0.0 
269           0            1          5.0           0.0 
270           1            1          5.0           0.0 
271           1            0          0.0           0.0 
272           0            0          0.0           0.0 
273           0            0          0.0           0.0 
274           0            0          0.0           0.0 
275           0            0          0.0           0.0 
276           0            1          5.0           0.0 
277           1            1          5.0           0.0 
278           1            0          0.0           0.0 
279           0            1          5.0           0.0 
280           1            0          0.0           0.0 
281           0            1          5.0           0.0 
282           1            0          0.0           0.0 
283           0            1          5.0           0.0 
284           1            1          5.0           0.0 
285           1            1          5.0           0.0 
286           1            1          5.0           0.0 
287           1            0          0.0           0.0 
288           0            0          0.0           0.0 
289           0            1          5.0           0.0 
290           1            1          5.0           0.0 
291           1            0          0.0           0.0 
292           0            0          0.0           0.0 
293           0            0          0.0           0.0 
294           0            0          0.0           0.0 
295           0            0          0.0           0.0 
296           0            1          5.0           0.0 
297           1            1          5.0           0.0 
298           1            0          0.0           0.0 
299           0            1          5.0           0.0 
300           1            0          0.0           0.0 
301           0            1          5.0           0.0 
302           1            0          0.0           0.0 
303           0            1          5.0           0.0 
304           1            1          5.0           0.0 
305           1            1          5.0           0.0 
306           1            1          5.0           0.0 
307           1            0          0.0           0.0 
308           0            0          0.0           0.0 
309           0            1          5.0           0.0 
310           1            1          5.0           0.0 
311           1            0          0.0           0.0 
312           0            0          0.0           0.0 
313           0            0          0.0           0.0 
314           0            0          0.0           0.0 
315           0            0          0.0           0.0 
316           0            1          5.0           0.0 
317           1            1          5.0           0.0 
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318           1            0          0.0           0.0 
319           0            1          5.0           0.0 
320           1            0          0.0           0.0 
321           0            1          5.0           0.0 
322           1            0          0.0           0.0 
323           0            1          5.0           0.0 
324           1            1          5.0           0.0 
325           1            1          5.0           0.0 
326           1            1          5.0           0.0 
327           1            0          0.0           0.0 
328           0            0          0.0           0.0 
329           0            1          5.0           0.0 
330           1            1          5.0           0.0 
331           1            0          0.0           0.0 
332           0            0          0.0           0.0 
333           0            0          0.0           0.0 
334           0            0          0.0           0.0 
335           0            0          0.0           0.0 
336           0            1          5.0           0.0 
337           1            1          5.0           0.0 
338           1            0          0.0           0.0 
339           0            1          5.0           0.0 
340           1            0          0.0           0.0 
341           0            1          5.0           0.0 
342           1            0          0.0           0.0 
343           0            1          5.0           0.0 
344           1            1          5.0           0.0 
345           1            1          5.0           0.0 
346           1            1          5.0           0.0 
347           1            0          0.0           0.0 
348           0            0          0.0           0.0 
349           0            1          5.0           0.0 
350           1            1          5.0           0.0 
351           1            0          0.0           0.0 
352           0            0          0.0           0.0 
353           0            0          0.0           0.0 
354           0            0          0.0           0.0 
355           0            0          0.0           0.0 
356           0            1          5.0           0.0 
357           1            1          5.0           0.0 
358           1            0          0.0           0.0 
359           0            1          5.0           0.0 
360           1            0          0.0           0.0 
361           0            1          5.0           0.0 
362           1            0          0.0           0.0 
363           0            1          5.0           0.0 
364           1            1          5.0           0.0 
365           1            1          5.0           0.0 
366           1            1          5.0           0.0 
367           1            0          0.0           0.0 
368           0            0          0.0           0.0 
369           0            1          5.0           0.0 
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370           1            1          5.0           0.0 
371           1            0          0.0           0.0 
372           0            0          0.0           0.0 
373           0            0          0.0           0.0 
374           0            0          0.0           0.0 
375           0            0          0.0           0.0 
376           0            1          5.0           0.0 
377           1            1          5.0           0.0 
378           1            0          0.0           0.0 
379           0            1          5.0           0.0 
380           1            0          0.0           0.0 
381           0            1          5.0           0.0 
382           1            0          0.0           0.0 
383           0            1          5.0           0.0 
384           1            1          5.0           0.0 
385           1            1          5.0           0.0 
386           1            1          5.0           0.0 
387           1            0          0.0           0.0 
388           0            0          0.0           0.0 
389           0            1          5.0           0.0 
390           1            1          5.0           0.0 
391           1            0          0.0           0.0 
392           0            0          0.0           0.0 
393           0            0          0.0           0.0 
394           0            0          0.0           0.0 
395           0            0          0.0           0.0 
396           0            1          5.0           0.0 
397           1            1          5.0           0.0 
398           1            0          0.0           0.0 
399           0            1          5.0           0.0 
total bits of error is 0/400=0.0% 
 
/* 
reg25_1.txt 
Jin Liu 
 
Raw data for shift register test 
*/ 
clock #      shift_in      should be         shift_out(pin 25, 100 delay) error 
0           1            0          5.0           -5.0 
1           0            1          5.0           0.0 
2           1            0          5.0           -5.0 
3           0            1          5.0           0.0 
4           1            0          5.0           -5.0 
5           0            1          5.0           0.0 
6           1            0          5.0           -5.0 
7           0            1          5.0           0.0 
8           1            0          5.0           -5.0 
9           0            1          5.0           0.0 
10           1            0          5.0           -5.0 
11           0            1          5.0           0.0 
12           1            0          5.0           -5.0 
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13           0            1          5.0           0.0 
14           1            0          5.0           -5.0 
15           0            1          5.0           0.0 
16           1            0          5.0           -5.0 
17           0            1          5.0           0.0 
18           1            0          5.0           -5.0 
19           0            1          5.0           0.0 
20           1            0          5.0           -5.0 
21           0            1          5.0           0.0 
22           1            0          5.0           -5.0 
23           0            1          5.0           0.0 
24           1            0          5.0           -5.0 
25           0            1          5.0           0.0 
26           1            0          5.0           -5.0 
27           0            1          5.0           0.0 
28           1            0          5.0           -5.0 
29           0            1          5.0           0.0 
30           1            0          5.0           -5.0 
31           0            1          5.0           0.0 
32           1            0          5.0           -5.0 
33           0            1          5.0           0.0 
34           1            0          5.0           -5.0 
35           0            1          5.0           0.0 
36           1            0          5.0           -5.0 
37           0            1          5.0           0.0 
38           1            0          5.0           -5.0 
39           0            1          5.0           0.0 
40           1            0          5.0           -5.0 
41           0            1          5.0           0.0 
42           1            0          5.0           -5.0 
43           0            1          5.0           0.0 
44           1            0          5.0           -5.0 
45           0            1          5.0           0.0 
46           1            0          5.0           -5.0 
47           0            1          5.0           0.0 
48           1            0          5.0           -5.0 
49           0            1          5.0           0.0 
50           1            0          5.0           -5.0 
51           0            1          5.0           0.0 
52           1            0          5.0           -5.0 
53           0            1          5.0           0.0 
54           1            0          5.0           -5.0 
55           0            1          5.0           0.0 
56           1            0          5.0           -5.0 
57           0            1          5.0           0.0 
58           1            0          5.0           -5.0 
59           0            1          5.0           0.0 
60           1            0          5.0           -5.0 
61           0            1          5.0           0.0 
62           1            0          5.0           -5.0 
63           0            1          5.0           0.0 
64           1            0          5.0           -5.0 
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65           0            1          5.0           0.0 
66           1            0          5.0           -5.0 
67           0            1          5.0           0.0 
68           1            0          5.0           -5.0 
69           0            1          5.0           0.0 
70           1            0          5.0           -5.0 
71           0            1          5.0           0.0 
72           1            0          5.0           -5.0 
73           0            1          5.0           0.0 
74           1            0          5.0           -5.0 
75           0            1          5.0           0.0 
76           1            0          5.0           -5.0 
77           0            1          5.0           0.0 
78           1            0          5.0           -5.0 
79           0            1          5.0           0.0 
80           1            0          5.0           -5.0 
81           0            1          5.0           0.0 
82           1            0          5.0           -5.0 
83           0            1          5.0           0.0 
84           1            0          5.0           -5.0 
85           0            1          5.0           0.0 
86           1            0          5.0           -5.0 
87           0            1          5.0           0.0 
88           1            0          5.0           -5.0 
89           0            1          5.0           0.0 
90           1            0          5.0           -5.0 
91           0            1          5.0           0.0 
92           1            0          5.0           -5.0 
93           0            1          5.0           0.0 
94           1            0          5.0           -5.0 
95           0            1          5.0           0.0 
96           1            0          5.0           -5.0 
97           0            1          5.0           0.0 
98           1            0          5.0           -5.0 
99           0            1          5.0           0.0 
100           1            0          0.0           0.0 
101           0            1          5.0           0.0 
102           1            0          0.0           0.0 
103           0            1          5.0           0.0 
104           1            0          0.0           0.0 
105           0            1          5.0           0.0 
106           1            0          0.0           0.0 
107           0            1          5.0           0.0 
108           1            0          0.0           0.0 
109           0            1          5.0           0.0 
110           1            0          0.0           0.0 
111           0            1          5.0           0.0 
112           1            0          0.0           0.0 
113           0            1          5.0           0.0 
114           1            0          0.0           0.0 
115           0            1          5.0           0.0 
116           1            0          0.0           0.0 
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117           0            1          0.0           5.0  ****** 
118           1            0          0.0           0.0 
119           0            1          0.0           5.0  ****** 
120           1            0          0.0           0.0 
121           0            1          0.0           5.0  ****** 
122           1            0          0.0           0.0 
123           0            1          0.0           5.0  ****** 
124           1            0          0.0           0.0 
125           0            1          0.0           5.0  ****** 
126           1            0          0.0           0.0 
127           0            1          0.0           5.0  ****** 
128           1            0          0.0           0.0 
129           0            1          0.0           5.0  ****** 
130           1            0          0.0           0.0 
131           0            1          0.0           5.0  ****** 
132           1            0          0.0           0.0 
133           0            1          0.0           5.0  ****** 
134           1            0          0.0           0.0 
135           0            1          0.0           5.0  ****** 
136           1            0          0.0           0.0 
137           0            1          0.0           5.0  ****** 
138           1            0          0.0           0.0 
139           0            1          0.0           5.0  ****** 
140           1            0          0.0           0.0 
141           0            1          0.0           5.0  ****** 
142           1            0          0.0           0.0 
143           0            1          0.0           5.0  ****** 
144           1            0          0.0           0.0 
145           0            1          0.0           5.0  ****** 
146           1            0          0.0           0.0 
147           0            1          0.0           5.0  ****** 
148           1            0          0.0           0.0 
149           0            1          0.0           5.0  ****** 
150           1            0          0.0           0.0 
151           0            1          0.0           5.0  ****** 
152           1            0          0.0           0.0 
153           0            1          0.0           5.0  ****** 
154           1            0          0.0           0.0 
155           0            1          0.0           5.0  ****** 
156           1            0          0.0           0.0 
157           0            1          0.0           5.0  ****** 
158           1            0          0.0           0.0 
159           0            1          0.0           5.0  ****** 
160           1            0          0.0           0.0 
161           0            1          0.0           5.0  ****** 
162           1            0          0.0           0.0 
163           0            1          0.0           5.0  ****** 
164           1            0          0.0           0.0 
165           0            1          0.0           5.0  ****** 
166           1            0          0.0           0.0 
167           0            1          0.0           5.0  ****** 
168           1            0          0.0           0.0 
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169           0            1          0.0           5.0  ****** 
170           1            0          0.0           0.0 
171           0            1          0.0           5.0  ****** 
172           1            0          0.0           0.0 
173           0            1          0.0           5.0  ****** 
174           1            0          0.0           0.0 
175           0            1          0.0           5.0  ****** 
176           1            0          0.0           0.0 
177           0            1          0.0           5.0  ****** 
178           1            0          0.0           0.0 
179           0            1          0.0           5.0  ****** 
180           1            0          0.0           0.0 
181           0            1          0.0           5.0  ****** 
182           1            0          0.0           0.0 
183           0            1          0.0           5.0  ****** 
184           1            0          0.0           0.0 
185           0            1          0.0           5.0  ****** 
186           1            0          0.0           0.0 
187           0            1          0.0           5.0  ****** 
188           1            0          0.0           0.0 
189           0            1          0.0           5.0  ****** 
190           1            0          0.0           0.0 
191           0            1          0.0           5.0  ****** 
192           1            0          0.0           0.0 
193           0            1          0.0           5.0  ****** 
194           1            0          0.0           0.0 
195           0            1          0.0           5.0  ****** 
196           1            0          0.0           0.0 
197           0            1          0.0           5.0  ****** 
198           1            0          0.0           0.0 
199           0            1          0.0           5.0  ****** 
200           1            0          0.0           0.0 
201           0            1          0.0           5.0  ****** 
202           1            0          0.0           0.0 
203           0            1          0.0           5.0  ****** 
204           1            0          0.0           0.0 
205           0            1          0.0           5.0  ****** 
206           1            0          0.0           0.0 
207           0            1          0.0           5.0  ****** 
208           1            0          0.0           0.0 
209           0            1          0.0           5.0  ****** 
210           1            0          0.0           0.0 
211           0            1          0.0           5.0  ****** 
212           1            0          0.0           0.0 
213           0            1          0.0           5.0  ****** 
214           1            0          0.0           0.0 
215           0            1          0.0           5.0  ****** 
216           1            0          0.0           0.0 
217           0            1          0.0           5.0  ****** 
218           1            0          0.0           0.0 
219           0            1          5.0           0.0 
220           1            0          0.0           0.0 
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221           0            1          0.0           5.0  ****** 
222           1            0          0.0           0.0 
223           0            1          0.0           5.0  ****** 
224           1            0          0.0           0.0 
225           0            1          0.0           5.0  ****** 
226           1            0          0.0           0.0 
227           0            1          0.0           5.0  ****** 
228           1            0          0.0           0.0 
229           0            1          0.0           5.0  ****** 
230           1            0          0.0           0.0 
231           0            1          0.0           5.0  ****** 
232           1            0          0.0           0.0 
233           0            1          0.0           5.0  ****** 
234           1            0          0.0           0.0 
235           0            1          0.0           5.0  ****** 
236           1            0          0.0           0.0 
237           0            1          0.0           5.0  ****** 
238           1            0          0.0           0.0 
239           0            1          0.0           5.0  ****** 
240           1            0          0.0           0.0 
241           0            1          0.0           5.0  ****** 
242           1            0          0.0           0.0 
243           0            1          0.0           5.0  ****** 
244           1            0          0.0           0.0 
245           0            1          0.0           5.0  ****** 
246           1            0          0.0           0.0 
247           0            1          0.0           5.0  ****** 
248           1            0          0.0           0.0 
249           0            1          0.0           5.0  ****** 
250           1            0          0.0           0.0 
251           0            1          0.0           5.0  ****** 
252           1            0          0.0           0.0 
253           0            1          0.0           5.0  ****** 
254           1            0          0.0           0.0 
255           0            1          0.0           5.0  ****** 
256           1            0          0.0           0.0 
257           0            1          0.0           5.0  ****** 
258           1            0          0.0           0.0 
259           0            1          0.0           5.0  ****** 
260           1            0          0.0           0.0 
261           0            1          0.0           5.0  ****** 
262           1            0          0.0           0.0 
263           0            1          0.0           5.0  ****** 
264           1            0          0.0           0.0 
265           0            1          0.0           5.0  ****** 
266           1            0          0.0           0.0 
267           0            1          0.0           5.0  ****** 
268           1            0          0.0           0.0 
269           0            1          0.0           5.0  ****** 
270           1            0          0.0           0.0 
271           0            1          0.0           5.0  ****** 
272           1            0          0.0           0.0 
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273           0            1          0.0           5.0  ****** 
274           1            0          0.0           0.0 
275           0            1          0.0           5.0  ****** 
276           1            0          0.0           0.0 
277           0            1          0.0           5.0  ****** 
278           1            0          0.0           0.0 
279           0            1          0.0           5.0  ****** 
280           1            0          0.0           0.0 
281           0            1          0.0           5.0  ****** 
282           1            0          0.0           0.0 
283           0            1          0.0           5.0  ****** 
284           1            0          0.0           0.0 
285           0            1          0.0           5.0  ****** 
286           1            0          0.0           0.0 
287           0            1          0.0           5.0  ****** 
288           1            0          0.0           0.0 
289           0            1          0.0           5.0  ****** 
290           1            0          0.0           0.0 
291           0            1          0.0           5.0  ****** 
292           1            0          0.0           0.0 
293           0            1          0.0           5.0  ****** 
294           1            0          0.0           0.0 
295           0            1          4.3           0.7 
296           1            0          0.0           0.0 
297           0            1          0.0           5.0  ****** 
298           1            0          0.0           0.0 
299           0            1          0.0           5.0  ****** 
300           1            0          0.0           0.0 
301           0            1          0.0           5.0  ****** 
302           1            0          0.0           0.0 
303           0            1          0.0           5.0  ****** 
304           1            0          0.0           0.0 
305           0            1          0.0           5.0  ****** 
306           1            0          0.0           0.0 
307           0            1          0.0           5.0  ****** 
308           1            0          0.0           0.0 
309           0            1          0.0           5.0  ****** 
310           1            0          0.0           0.0 
311           0            1          0.0           5.0  ****** 
312           1            0          0.0           0.0 
313           0            1          0.0           5.0  ****** 
314           1            0          0.0           0.0 
315           0            1          0.0           5.0  ****** 
316           1            0          0.0           0.0 
317           0            1          0.0           5.0  ****** 
318           1            0          0.0           0.0 
319           0            1          0.0           5.0  ****** 
320           1            0          0.0           0.0 
321           0            1          0.0           5.0  ****** 
322           1            0          0.0           0.0 
323           0            1          0.0           5.0  ****** 
324           1            0          0.0           0.0 
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325           0            1          0.0           5.0  ****** 
326           1            0          0.0           0.0 
327           0            1          0.0           5.0  ****** 
328           1            0          0.0           0.0 
329           0            1          0.0           5.0  ****** 
330           1            0          0.0           0.0 
331           0            1          0.0           5.0  ****** 
332           1            0          0.0           0.0 
333           0            1          0.0           5.0  ****** 
334           1            0          0.0           0.0 
335           0            1          0.0           5.0  ****** 
336           1            0          0.0           0.0 
337           0            1          0.0           5.0  ****** 
338           1            0          0.0           0.0 
339           0            1          0.0           5.0  ****** 
340           1            0          0.0           0.0 
341           0            1          0.0           5.0  ****** 
342           1            0          0.0           0.0 
343           0            1          0.0           5.0  ****** 
344           1            0          0.0           0.0 
345           0            1          0.0           5.0  ****** 
346           1            0          0.0           0.0 
347           0            1          0.0           5.0  ****** 
348           1            0          0.0           0.0 
349           0            1          0.0           5.0  ****** 
350           1            0          0.0           0.0 
351           0            1          0.0           5.0  ****** 
352           1            0          0.0           0.0 
353           0            1          0.0           5.0  ****** 
354           1            0          0.0           0.0 
355           0            1          0.0           5.0  ****** 
356           1            0          0.0           0.0 
357           0            1          0.0           5.0  ****** 
358           1            0          0.0           0.0 
359           0            1          0.0           5.0  ****** 
360           1            0          0.0           0.0 
361           0            1          0.0           5.0  ****** 
362           1            0          0.0           0.0 
363           0            1          0.0           5.0  ****** 
364           1            0          0.0           0.0 
365           0            1          0.0           5.0  ****** 
366           1            0          0.0           0.0 
367           0            1          0.0           5.0  ****** 
368           1            0          0.0           0.0 
369           0            1          0.0           5.0  ****** 
370           1            0          0.0           0.0 
371           0            1          0.0           5.0  ****** 
372           1            0          0.0           0.0 
373           0            1          0.0           5.0  ****** 
374           1            0          0.0           0.0 
375           0            1          0.0           5.0  ****** 
376           1            0          0.0           0.0 



 287 

377           0            1          0.0           5.0  ****** 
378           1            0          0.0           0.0 
379           0            1          0.0           5.0  ****** 
380           1            0          0.0           0.0 
381           0            1          0.0           5.0  ****** 
382           1            0          0.0           0.0 
383           0            1          0.0           5.0  ****** 
384           1            0          0.0           0.0 
385           0            1          0.0           5.0  ****** 
386           1            0          0.0           0.0 
387           0            1          0.0           5.0  ****** 
388           1            0          0.0           0.0 
389           0            1          0.0           5.0  ****** 
390           1            0          0.0           0.0 
391           0            1          0.0           5.0  ****** 
392           1            0          0.0           0.0 
393           0            1          0.0           5.0  ****** 
394           1            0          0.0           0.0 
395           0            1          0.0           5.0  ****** 
396           1            0          0.0           0.0 
397           0            1          0.0           5.0  ****** 
398           1            0          0.0           0.0 
399           0            1          0.0           5.0  ****** 
total bits of error is 140/400=35.0% 
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APPENDIX C.8: MORE DATA FOR INVERTER TESTING 

The following three figures are the initial learning process for the desired low voltage of 1 V and 
high voltage of 2 V.  

 

Figure 87: Inverter Training Process, with Low = 1 V, High = 2 V (Case 1) 
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Figure 88: Inverter Training Process, with Low = 1 V, High = 2 V (Case 2) 
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Figure 89: Inverter Training Process, with Low = 1 V, High = 2 V (Case 3) 



 291 

APPENDIX D.1: THE PIN ASSIGNMENT OF AT-AO-10 

 

Figure 90: Pin Assignment of  AT-AO-10 
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APPENDIX D.2: THE TEST PROCEDURE FOR THE NEURAL 

NETWORK CHIP CONTROL OF SIMULATED COMBUSTION 

6/29/98  
Jin Liu 
Limit cycle engine with chip: 
1. SMUs are biased to 0v, set the current compliance accordingly, 
 Desired biasing voltage current compliance 
 Vsss 1v   100mA 
 Vddd, VDD, Vperm 3v 100mA 
 lastcap 1.5v   1uA 
 VSS -2.1v   100mA 
 Vpw 2v   100mA 
 Vmw -2v   100mA 
2. Vin 
 Pins 5,4,3,2,1,40,39,38 controlled by program 
 Pins 37,36 not used, grounded in box 
3. Connect opamp power supply 10v, -10v 
4. Iout from chip connected to Iin of opamp 
5. Vout from opamp connected to channel 1 of Analog Input card 
6. Check if box, power supply, scope, smus are grounded together 
7. Connect the two connectors 
8. Turn on scope,  
 Channel 1 in (8) 
 Channel 2 channel 1 of AI, pin 20 
9. Run init.exe program 
10. Zero socket-pins 
11. Put chip in 
12. Check smu current, and adjust the voltage to the desired value. 
13. Run test program:  (related programs: limcle.c, nnet.c, eng.h, nnet.h, makebc.bat) 
 makebc limcle nnet 
 limcle 
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APPENDIX D.3: THE TEST CODE IN BORLAND C/C++ FOR THE 

NEURAL NETWORK CHIP CONTROL OF SIMULATED 

COMBUSTION 

Makebc.bat 
echo off 
if (%1)==() goto syntax 
 
bcc32 -M  %1.c  %2.c nidaq32b.lib  > err.log 
goto end 
 
:syntax 
echo - 
echo -  This batch file compiles links a named .c program with the Borland C 
echo -  compiler. 
echo - 
echo - Syntax: 
echo -     makebc filename 
echo - 
 
:end 
type err.log | more 
init.c 
/* 
Initialize the connector 
Apr. 98 
Jin Liu 
*/ 
 
#include <windows.h> 
#include <stdlib.h> 
#include <stdio.h> 
#include <math.h> 
#include <dos.h> 
#include <time.h> 
 
 
 
#include "wdaq_c.h" 
#include "Nidaqcns.h" 
#include "Nidaqerr.h" 
 
#define SMAX 2 
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#define Period 4 
#define InChans 8 /*Number of Input channels to the NN chip, or analog output channels*/ 
#define MaxDig  4095  /*max internal digital number for both cards*/ 
#define MaxAO  10  /*max output value from AO cards*/ 
 
 
short shift_in[SMAX]={1, 0}; 
 
void time_delay() 
{ 
 
/*clock_t start_time, end_time; 
 
start_time=clock(); 
end_time=clock(); 
while((end_time-start_time)<Period) 
 end_time=clock(); 
*/ 
/* 
int i,a; 
for(i=0;i<10;i++) 
 a=i*i; 
*/ 
} 
 
int main() 
{ 
 
/*AT-AO-10 Analog Output card*/ 
short deviceAO=1; /*board number assigned in configuration*/ 
 
short deviceAI=2; /*board number assigned in configuration*/ 
short port=0; /*port number, 0 for AT-MIO-16E-2 only*/ 
short mode=0; /*0 for port 0*/ 
short dir=1;  /*direction, 1 for output, 0 for input*/ 
short stat; 
 
short pattern; /*8 bit integer for output pattern*/ 
int i; 
short perm; 
unsigned short reading; 
 
stat= DIG_Prt_Config(deviceAI, port, mode, dir);  /*config the port for output*/ 
 
pattern=0; 
stat= DIG_Out_Port(deviceAI, port, pattern); 
 
stat=AI_Configure(deviceAI, 0, 1, 5, 1, 1); 
 
/*output all 0s at analog output ports*/ 
for(i=0;i<InChans;i++) 
 stat=AO_VWrite(deviceAO, i, (float)(1.0*i)); 
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sleep(1); 
 
 
 
exit(0); 
} 
 
/* 
limcle.c 
 
Jin Liu 
2/16/99 
 
Limited cycle engine model, controlled with chip.  Interfaced with computer 
IO cards. 
*/ 
 
 
#include "nnet.h" 
#include "eng.h" 
 
 
void save_output(void); 
void epoch_init(double); 
void err_dump(char *); 
void eng_diff_eqn(double *, double *, double); 
void epoch(double); 
int error_cal(void); 
double nnet_run(int, int,double[], int); 
double delay_buf[NDELAY]; 
int cycle;  
double yt[4][ENG_EQN*ENG_ORD], dyt[5][ENG_EQN*ENG_ORD]; 
engine eng[N]; 
double nout[N]; 
int error_id[N]; 
double GAIN= -200.0; 
double nnout; 
double eng_ksi[ENG_EQN], eng_omiga[ENG_EQN]; 
FILE *outp; 
double pres_his[inN]; 
int peak0, peak1, peakcnt, modify; 
 
void err_dump(err_mesg) 
char *err_mesg; 
{ 
printf("%s\n",err_mesg); 
exit(0); 
} 
 
void epoch_init(ksi) 
double ksi; 
{ 
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int i; 
 
printf("epoch_init\n"); 
eng[0].stat.y[0]=0.5; 
eng[0].stat.z[0]=0.0; 
eng[0].output=0.5; 
eng[0].input=0.0; 
cycle=0; 
 
eng_ksi[0]= ksi;  
eng_omiga[0]=400*2.0*M_PI; 
for(i=1;i<inN;i++) 
 { 
        pres_his[i]=0.0; 
   error_id[i]=0; 
 } 
nnout=0.0; 
} 
 
 
void eng_diff_eqn(x, dxdt, inx) 
double *x, *dxdt, inx; 
{ 
int i; 
double dx; 
status  *stt, *dstt; 
double b=0.1; 
 
 
stt=(status *)x; 
dstt=(status *)dxdt; 
 
for(i=0;i<ENG_EQN;i++) 
 { 
 dstt->y[i]=stt->z[i]; 
 dstt->z[i]=  
  2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i] 
  -2.0*eng_ksi[i]*eng_omiga[i]*stt->z[i]*stt->y[i]*stt->y[i]/b 
  -eng_omiga[i]*eng_omiga[i]*stt->y[i]+ inx; 
 } 
} 
 
 
 
 
void pred_crect(y, n, xx, h, yout, xin, derive) 
double *y, *yout, xin; 
double xx, h; 
void (*derive)(); 
int n; 
{ 
   int i; 
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   (*derive)(y, dyt[0], xin); 
   for (i = 0; i < n; i++) yt[0][i] = y[i] + h * dyt[0][i]; 
   (*derive)(yt[0], dyt[1], xin); 
   for (i = 0; i < n; i++) yt[1][i] = y[i] + h/2.0 * dyt[0][i] 
        + h/2.0 * dyt[1][i]; 
   (*derive)(yt[1], dyt[2], xin); 
   for (i = 0; i < n; i++) yt[2][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[2][i]; 
   (*derive)(yt[2], dyt[3], xin); 
   for (i = 0; i < n; i++) yt[3][i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[3][i]; 
   (*derive)(yt[3], dyt[4], xin); 
   for (i = 0; i < n; i++) yout[i] = y[i] + h/2.0 * dyt[0][i]  
       + h/2.0 * dyt[4][i]; 
/* 
printf("y[3]=%f,%f,\t y[4]=%f,%f\n", yt[3][0], yt[3][1],yout[0],yout[1]); 
*/ 
} 
 
void save_output() 
{ 
int i,j;  
double eng_out[(int)(NN/cmprt)]; 
/* 
for(i=0;i<(int)(NN/cmprt);i++) 
 eng_out[(int)(i)]=eng[i*cmprt].output; 
*/ 
/* 
fwrite(eng_out,sizeof(double),(int)(NN),outp); 
*/ 
 
for(i=0;i<NN;i++) 
 fprintf(outp,"%f\n",eng[i].output); 
for(i=0;i<NN;i++) 
 fprintf(outp, "%f\n",i*DT); 
for(i=0;i<NN;i++) 
 fprintf(outp,"%f\n",nout[i]); 
for(i=0;i<NN;i++) 
 fprintf(outp,"%d\n",error_id[i]); 
 
} 
 
int error_cal() 
{ 
int cycle_buf; 
double errs, error_old; 
error_old=fabs(eng[peak0].output); 
errs=fabs(eng[peak1].output); 
if(errs-error_old<0.0) 
 return ERR_DEC; 
else 
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 return ERR_INC; 
} 
  
void epoch(ksi) 
double ksi; 
{ 
int i,j; 
double buf,buf2; 
int error_decrease; /*1=decrease, 0=increase*/ 
epoch_init(ksi); 
peak0=0; 
peakcnt=1; 
for(cycle=1;cycle<NN;cycle++) 
 { 
 if(cycle%4==0) 
  { 
  for(i=0;i<inN-1;i++) 
         pres_his[i]=pres_his[i+1]; 
  pres_his[inN-1]=eng[cycle-1].output; 
  } 
 if(cycle>=3) 
  if((eng[cycle-1].output<eng[cycle-2].output)&& 
        (eng[cycle-2].output>eng[cycle-3].output)) 
   { 
   peakcnt++; 
   if(peakcnt%2) 
    {peak1=cycle-2;modify=1;} 
   } 
 else 
  modify=0; 
 if(modify) 
  { 
  error_decrease=error_cal(); 
  error_id[cycle]=error_decrease; 
  peak0=peak1; 
  } 
 else 
  error_id[cycle]=error_id[cycle-1];  
 
 nout[cycle]=nnet_run(cycle, error_decrease,pres_his, modify); 
 delay_buf[NDELAY-1]= GAIN*nout[cycle]/DT; /*new nnet_run()*/ 
      eng[cycle].input=delay_buf[0]; 
 for(i=0;i<NDELAY-1;i++) 
  delay_buf[i] =delay_buf[i+1]; 
 pred_crect(&eng[cycle-1].stat, ENG_EQN*ENG_ORD,  
  (double)cycle*DT,DT, &eng[cycle].stat,  
  eng[cycle].input-eng[cycle-1].input, eng_diff_eqn);  
 
 eng[cycle].output = 0.0; 
 for(i=0;i<ENG_EQN;i++) 
  eng[cycle].output += eng[cycle].stat.y[i]; 
 } 
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save_output(); 
} 
  
void main() 
{ 
int i; 
 
double t[NN]; 
 
printf("start main\n"); 
if((outp=fopen("out.m","w"))==(FILE *)NULL) 
 err_dump("Cannot open file <out>"); 
 
 
nnet_ini();  
epoch(0.00); 
/* 
epoch(0.001); 
epoch(0.004); 
epoch(0.002); 
epoch(0.003); 
epoch(0.004); 
epoch(0.002); 
epoch(0.001); 
epoch(0.003); 
epoch(0.002); 
epoch(0.003); 
epoch(0.004); 
epoch(0.003); 
epoch(0.005); 
epoch(0.001); 
epoch(0.005); 
epoch(0.004); 
*/ 
 
 
/* 
fwrite(t,sizeof(double), NN,outp); 
*/ 
fclose(outp); 
} 
 
 
/* 
nnet.c 
 
Jin Liu 
5/4/1999 
 
chip program to test eng control. 
*/ 
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#include "nnet.h" 
 
#define SMAX 2000  /*max number of random shift_in squence*/ 
#define Cycles 20 
#define InChans inN /*Number of Input channels to the NN chip, or analog output channels*/ 
#define MaxDig  4095  /*max internal digital number for both cards*/ 
#define MaxAO  5  /*max output value from AO cards*/ 
 
void time_delay(void); 
double cut05(double); 
/*random shift_in squence 0/1*/ 
short shift_in[SMAX]; 
double bias; 
    
 
/*AT-AO-10 Analog Output card*/ 
short deviceAO=1; /*board number assigned in configuration*/ 
 
/*AT-MIO-16E-2 Analog Input card*/ 
short deviceAI=2; /*board number assigned in configuration*/ 
 
/*Digital configuration parameters*/ 
short port=0; /*port number, 0 for AT-MIO-16E-2 only*/ 
short mode=0; /*0 for port 0*/ 
short dir=1;  /*direction, 1 for output, 0 for input*/ 
short stat; 
 
short pattern; /*8 bit integer for output pattern*/ 
int random_i; 
 
void time_delay() 
{ 
/* 
clock_t start_time, end_time; 
 
start_time=clock(); 
end_time=clock(); 
while((end_time-start_time)<Period) 
 end_time=clock(); 
*/ 
 
int i,b; 
for(i=0;i<1e3;i++) 
 b=i*i; 
 
} 
 
void time_delay2() 
{ 
int i,b; 
for(i=0;i<1e5;i++) 
 b=i*i; 
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} 
 
void nnet_ini() 
{ 
int i,error_num=0; 
double error, b; 
unsigned short a, reading[SMAX]; 
FILE *temp; 
unsigned short reading_in; 
 
/*Initialization and configuration*/ 
 
/*AT-MIO*/ 
/*config the digital ports for output*/ 
stat= DIG_Prt_Config(deviceAI, port, mode, dir);   
/*config the analog input ports*/ 
stat=AI_Configure(deviceAI, -1, 1,5, 1, 1); 
/*output low for digital ports*/ 
pattern=0; 
stat = DIG_Out_Port(deviceAI, port, pattern); 
 
/*output all 0s at analog output ports*/ 
for(i=0;i<InChans;i++) 
 stat=AO_VWrite(deviceAO, i, 0.0); 
/*find out zero bias value*/ 
time_delay(); 
AI_Read(deviceAI, 1, 2, &reading_in);  
bias=5.0*reading_in/MaxDig; 
printf("bias=%f\n", bias); 
 
/*generate random shift_in sequence*/ 
 
for(i=0;i<SMAX;i++) 
 shift_in[i]=(short)(rand()%2); 
/*AT-MIO digital output config for control signals 
0 shift_in 
1 clock 1 
2 clock 2 
3 clock 3 
4 perm 
*/ 
 
/*shift_in random numbers, test ok on 6/3/98*/ 
for(i=0;i<SMAX;i++) 
     { 
 pattern=shift_in[i]; /*dio0*/ 
 stat = DIG_Out_Port(deviceAI, port, pattern); 
    time_delay(); 
     stat = DIG_Out_Port(deviceAI, port, pattern+2); 
 time_delay(); 
      stat = DIG_Out_Port(deviceAI, port, pattern); 
    time_delay(); 



 302 

     stat = DIG_Out_Port(deviceAI, port, pattern+4); 
 time_delay(); 
 AI_Read(deviceAI, 1, 2, &reading[i]); /*read from channel 1*/  
 } 
/* 
error_num=0; 
temp=fopen("shift.txt","w"); 
for(i=0;i<SMAX-99;i++) 
 { 
 a=shift_in[i]; 
 b=5.0*reading[i+99]/4095.0; 
 error=a*2.0+1.0-b; 
 if((error>2 ||error<-2)&& i>100) 
  error_num++; 
 fprintf(temp,"%d %d %f",i,shift_in[i],b); 
 if((error>2 ||error<-2)) 
  fprintf(temp,"        ********\n"); 
 else  
  fprintf(temp,"\n"); 
 } 
fclose(temp); 
printf("total bits of error is %d/%d=%3.1f%%\n",  
 error_num,SMAX-100, 100.0*error_num/(SMAX-100.0)); 
*/ 
random_i=0; 
printf("nnet_init\n"); 
} 
 
double cut05(v) 
double v; 
{ 
if (v>5.0) 
 v=5.0; 
if (v<0.0) 
 v=0.0; 
return(v); 
} 
 
 
double nnet_run(cycle,error_decrease, pres_his, modify) 
int cycle, error_decrease, modify; 
double *pres_his; 
{ 
unsigned short reading_in; 
int i; 
double pressure[inN]; 
 
for(i=0;i<inN;i++) 
 pressure[i]=pres_his[i]+bias; 
if(modify)/*modify weight*/ 
 { 
 if(!error_decrease) /*shift in one new pattern*/ 
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  { 
  if (random_i==SMAX) 
   random_i=0; 
  pattern=shift_in[random_i]; 
  random_i++; 
  stat = DIG_Out_Port(deviceAI, port, pattern); 
  time_delay(); 
  stat = DIG_Out_Port(deviceAI, port, pattern+2); 
  time_delay(); 
  stat = DIG_Out_Port(deviceAI, port, pattern); 
     time_delay(); 
      stat = DIG_Out_Port(deviceAI, port, pattern+4); 
      time_delay(); 
  } 
  
 stat = DIG_Out_Port(deviceAI, port, pattern+4+8); 
 stat = DIG_Out_Port(deviceAI, port, pattern+4+16); 
 time_delay2(); 
 stat = DIG_Out_Port(deviceAI, port, pattern+4); 
/*  
 time_delay(); 
 stat = DIG_Out_Port(deviceAI, port, pattern+4); 
*/  
} 
/*set input to network (pres_his)*/ 
for(i=0;i<InChans;i++)/*pres_his need to be cut so that it is within 0-5v*/ 
 AO_VWrite(deviceAO, i, cut05(pressure[i])); 
time_delay(); 
AI_Read(deviceAI, 1, 2, &reading_in);  
return(5.0*reading_in/MaxDig-bias); 
 
} 
 
/* 
eng.h 
   
Jin Liu 
5/4/99 modified from previous version nn.h for chip test on 
limited cycle eng  
*/ 
 
#define ENGINE  0 
 
#define ENG_ORD         2 /*order of the eng diff EQN*/ 
#define ENG_EQN         1 /*number of EQN in eng*/ 
  
#define TMAX            15.0                     /*max run time*/ 
#define PHI             8e3                     /*clock freq*/ 
#define DT              (1.0/PHI)                       /*time step*/ 
#define N               (int)(TMAX*PHI)         /*total data points*/ 
#define NN   N 
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#define ENG_freq        400                     /*in Hz*/ 
#define TDELAY          (0.4/ENG_freq)          /*delay time*/ 
#define NDELAY          (int)(TDELAY/TMAX*N)      /*delay in points*/ 
  
 
typedef struct { 
   double y[ENG_EQN];  
   double z[ENG_EQN];  
} status; 
 
typedef struct { 
   double input; 
   status stat; 
   double  output; 
} engine; 
 
extern void get_pres_in(); 
 
 
/* 
  nnet.h 
 
  Jin Liu 
  5/12/98 
*/ 
#include <windows.h> 
#include <stdlib.h> 
#include <stdio.h> 
#include <math.h> 
#include <dos.h> 
#include <time.h> 
#include "wdaq_c.h" 
#include "Nidaqcns.h" 
#include "Nidaqerr.h" 
 
 
#define cmprt 100 
#define ERR_DEC 1 
#define ERR_INC 0 
/* Neural Network Parameters */ 
#define inN     8  /* # of total NN input*/ 
#define xm inN 
#define xn 1 
#define Wm 1 
#define Wn inN 
#define Vm 1 
#define Vn 1 
 
extern void nnet_ini(); 
extern double nnet_run(); 
%p.m 
%Jin Liu 
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%plot file  
NN=15*(8e3); 
 
 
fid=fopen('out.m'); 
[e_out n]=fscanf(fid, '%lf', NN); 
[t n]=fscanf(fid, '%lf', NN); 
[nout n]=fscanf(fid, '%lf', NN); 
[error_id n]=fscanf(fid, '%d', NN); 
fclose(fid); 
 
%subplot(3,1,1),plot(t,e_out,'b'); 
%subplot(3,1,1),ylabel('engine output'); 
%subplot(3,1,2),plot(t,nout,'g'); 
%subplot(3,1,2),ylabel('neural network output'); 
%subplot(3,1,3),plot(t,error_id,'r'); 
%subplot(3,1,3),ylabel('error, 1:err-dec, 0:err-inc'); 
plot(t, e_out,'b'); 
%hold; 
%plot(t, error_id, 'r'); 
xlabel('time (second)'); 
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APPENDIX E.1 SPICE SIMULATION CODE FOR THE IMPROVED 

CHIP  

*weight_ramp.sp 
* HSPICE file created from weight_flat.ext - technology: scmos 
.option scale=0.2u 
.INC "allzero.ic" 
vdd vhigh 0 pwl(0,0v 4us,0v 10us,3v) 
vgnd vlow 0 0v 
vpw vpw 0 pwl(0,0v, 4us,0v 10us,2v) 
vmw vmw 0 pwl(0,0v, 4us,0v 10us,-2v) 
vsub vsub 0 pwl(0,0v, 4us,0v 10us,-2.1v) 
vstepL stepL 0 pwl(0,0v 4us,0v 10us,0.5v) 
vstep1 step1 0 pwl(0,0v 4us,0v 10us,0.5v) 
vstep2 step2 0 pwl(0,0v 4us,0v 10us,0.5v) 
vlearn learn 0 pulse 0 4 32us 0 0 1us 20us 
vfeedthr feedthr 0 pwl(0,0v 4us,0v 10us,4v) 
vphrL phrL 0 pulse 0 4 25us 0 0 5us 20us 
vphr1 phr1 0 pulse 0 4 25us 0 0 5us 20us 
vphr2 phr2 0 pulse 0 4 25us 0 0 5us 20us 
vshift_in shift_in 0 pulse 0 3 1011us 0 0 1000us 2000us 
vph1 ph1  0 pulse 0 4 15us 0 0 5us 40us 
vph2 ph2  0 pulse 0 4 35us 0 0 5us 40us 
vAin1 Ain1 0 pwl(0,0v 4us,0v 10us,3v) 
vAin2 Ain2 0 pwl(0,0v 4us,0v 10us,3v) 
vAin3 Ain3 0 pwl(0,0v 4us,0v 10us,3v) 
vAin4 Ain4 0 pwl(0,0v 4us,0v 10us,3v) 
vAin5 Ain5 0 pwl(0,0v 4us,0v 10us,3v) 
vAin6 Ain6 0 pwl(0,0v 4us,0v 10us,3v) 
vAin7 Ain7 0 pwl(0,0v 4us,0v 10us,3v) 
vAin8 Ain8 0 pwl(0,0v 4us,0v 10us,3v) 
vAin9 Ain9 0 pwl(0,0v 4us,0v 10us,3v) 
vAin10 Ain10 0 pwl(0,0v 4us,0v 10us,3v) 
vAin11 Ain11 0 pwl(0,0v 4us,0v 10us,3v) 
vAin12 Ain12 0 pwl(0,0v 4us,0v 10us,3v) 
vAin13 Ain13 0 pwl(0,0v 4us,0v 10us,3v) 
vAin14 Ain14 0 pwl(0,0v 4us,0v 10us,3v) 
vAin15 Ain15 0 pwl(0,0v 4us,0v 10us,3v) 
vAin16 Ain16 0 pwl(0,0v 4us,0v 10us,3v) 
vAin17 Ain17 0 pwl(0,0v 4us,0v 10us,3v) 
vAin18 Ain18 0 pwl(0,0v 4us,0v 10us,3v) 
vAin19 Ain19 0 pwl(0,0v 4us,0v 10us,3v) 
vAin20 Ain20 0 pwl(0,0v 4us,0v 10us,3v) 
vAin21 Ain21 0 pwl(0,0v 4us,0v 10us,3v) 
vAin22 Ain22 0 pwl(0,0v 4us,0v 10us,3v) 
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vAin23 Ain23 0 pwl(0,0v 4us,0v 10us,3v) 
vAin24 Ain24 0 pwl(0,0v 4us,0v 10us,3v) 
vAin25 Ain25 0 pwl(0,0v 4us,0v 10us,3v) 
vAin26 Ain26 0 pwl(0,0v 4us,0v 10us,3v) 
vAin27 Ain27 0 pwl(0,0v 4us,0v 10us,3v) 
vAin28 Ain28 0 pwl(0,0v 4us,0v 10us,3v) 
vAin29 Ain29 0 pwl(0,0v 4us,0v 10us,3v) 
vAin30 Ain30 0 pwl(0,0v 4us,0v 10us,3v) 
vBin1 Bin1 0 pwl(0,0v 4us,0v 10us,3v) 
vBin2 Bin2 0 pwl(0,0v 4us,0v 10us,3v) 
vBin3 Bin3 0 pwl(0,0v 4us,0v 10us,3v) 
vBin4 Bin4 0 pwl(0,0v 4us,0v 10us,3v) 
vBin5 Bin5 0 pwl(0,0v 4us,0v 10us,3v) 
vBin6 Bin6 0 pwl(0,0v 4us,0v 10us,3v) 
vBin7 Bin7 0 pwl(0,0v 4us,0v 10us,3v) 
vBin8 Bin8 0 pwl(0,0v 4us,0v 10us,3v) 
vBin9 Bin9 0 pwl(0,0v 4us,0v 10us,3v) 
vBin10 Bin10 0 pwl(0,0v 4us,0v 10us,3v) 
vBin11 Bin11 0 pwl(0,0v 4us,0v 10us,3v) 
vBin12 Bin12 0 pwl(0,0v 4us,0v 10us,3v) 
vBin13 Bin13 0 pwl(0,0v 4us,0v 10us,3v) 
vBin14 Bin14 0 pwl(0,0v 4us,0v 10us,3v) 
vBin15 Bin15 0 pwl(0,0v 4us,0v 10us,3v) 
vBin16 Bin16 0 pwl(0,0v 4us,0v 10us,3v) 
vBin17 Bin17 0 pwl(0,0v 4us,0v 10us,3v) 
vBin18 Bin18 0 pwl(0,0v 4us,0v 10us,3v) 
vBin19 Bin19 0 pwl(0,0v 4us,0v 10us,3v) 
vBin20 Bin20 0 pwl(0,0v 4us,0v 10us,3v) 
vBin21 Bin21 0 pwl(0,0v 4us,0v 10us,3v) 
vBin22 Bin22 0 pwl(0,0v 4us,0v 10us,3v) 
vBin23 Bin23 0 pwl(0,0v 4us,0v 10us,3v) 
vBin24 Bin24 0 pwl(0,0v 4us,0v 10us,3v) 
vBin25 Bin25 0 pwl(0,0v 4us,0v 10us,3v) 
vBin26 Bin26 0 pwl(0,0v 4us,0v 10us,3v) 
vBin27 Bin27 0 pwl(0,0v 4us,0v 10us,3v) 
vBin28 Bin28 0 pwl(0,0v 4us,0v 10us,3v) 
vBin29 Bin29 0 pwl(0,0v 4us,0v 10us,3v) 
vBin30 Bin30 0 pwl(0,0v 4us,0v 10us,3v) 
vAout1 Aout1 0 0v 
vAout2 Aout2 0 0v 
vAout3 Aout3 0 0v 
vAout4 Aout4 0 0v 
vAout5 Aout5 0 0v 
vAout6 Aout6 0 0v 
vAout7 Aout7 0 0v 
vAout8 Aout8 0 0v 
vAout9 Aout9 0 0v 
vAout10 Aout10 0 0v 
vAout11 Aout11 0 0v 
vAout12 Aout12 0 0v 
vAout13 Aout13 0 0v 
vAout14 Aout14 0 0v 
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vAout15 Aout15 0 0v 
vAout16 Aout16 0 0v 
vAout17 Aout17 0 0v 
vAout18 Aout18 0 0v 
vAout19 Aout19 0 0v 
vAout20 Aout20 0 0v 
vBout1 Bout1 0 0v 
vBout2 Bout2 0 0v 
vBout3 Bout3 0 0v 
vBout4 Bout4 0 0v 
 
 
** hspice subcircuit dictionary 
.MODEL nfet NMOS                                  LEVEL   = 49 
+VERSION = 3.1            TNOM    = 27             TOX     = 7.8E-9 
+XJ      = 1.5E-7         NCH     = 1.7E17         VTH0    = 0.529027 
+K1      = 0.7929458      K2      = -0.0106553     K3      = 31.3572601 
+K3B     = -8.434772      W0      = 1E-5           NLX     = 6.557761E-8 
+DVT0W   = 0              DVT1W   = 5.3E6          DVT2W   = -0.032 
+DVT0    = 0.0381121      DVT1    = 0.0284664      DVT2    = 0.3182357 
+U0      = 431.8697514    UA      = 4.27421E-10    UB      = 1.026103E-18 
+UC      = 7.336728E-11   VSAT    = 1.20407E5      A0      = 0.7819048 
+AGS     = 0.1983485      B0      = 1.524477E-8    B1      = 5.095816E-7 
+KETA    = -0.110262      A1      = 0              A2      = 1 
+RDSW    = 1.04702E3      PRWG    = -1.1278E-3     PRWB    = -1.035E-3 
+WR      = 1              WINT    = 4.015611E-8    LINT    = 1.014094E-8 
+DWG     = -1.591308E-8   DWB     = 2.999175E-9    VOFF    = -0.1221406 
+NFACTOR = 1.3839505      CIT     = 0              CDSC    = 1.150634E-6 
+CDSCD   = 0              CDSCB   = 0              ETA0    = 1.670629E-3 
+ETAB    = 0              DSUB    = 0.0186354      PCLM    = 0.5847722 
+PDIBLC1 = 0.0547118      PDIBLC2 = 1.459779E-3    PDIBLCB = 0 
+DROUT   = 0.263937       PSCBE1  = 4.324588E9     PSCBE2  = 5E-6 
+PVAG    = 0.0721704      DELTA   = 0.01           MOBMOD  = 1 
+PRT     = 0              UTE     = -1.5           KT1     = -0.11 
+KT1L    = 0              KT2     = 0.022          UA1     = 4.31E-9 
+UB1     = -7.61E-18      UC1     = -5.6E-11       AT      = 3.3E4 
+WL      = 0              WLN     = 1              WW      = 0 
+WWN     = 1              WWL     = 0              LL      = 0 
+LLN     = 1              LW      = 0              LWN     = 1 
+LWL     = 0              CAPMOD  = 2              CGDO    = 3.6E-10 
+CGSO    = 3.6E-10        CGBO    = 0              CJ      = 1.0264E-3 
+PB      = 0.73677        MJ      = 0.3212         CJSW    = 1.1561E-10 
+PBSW    = 0.73677        MJSW    = 0.398          PVTH0   = -0.0208879 
+PRDSW   = -125.4323529   PK2     = -2.69247E-3    WKETA   = 1.01604E-3 
+LKETA   = -0.0259621 
* 
* 
.MODEL pfet PMOS                                  LEVEL   = 49 
+VERSION = 3.1            TNOM    = 27             TOX     = 7.8E-9 
+XJ      = 1.5E-7         NCH     = 1.7E17         VTH0    = -0.695957 
+K1      = 0.6105731      K2      = -0.0367919     K3      = 46.1436807 
+K3B     = -0.5361487     W0      = 2.268932E-6    NLX     = 6.856483E-8 
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+DVT0W   = 0              DVT1W   = 5.3E6          DVT2W   = -0.032 
+DVT0    = 0.717439       DVT1    = 0.9241335      DVT2    = -0.7176818 
+U0      = 176.1569901    UA      = 5.190636E-10   UB      = 1.838163E-18 
+UC      = -2.50283E-11   VSAT    = 6.075509E4     A0      = 0.5798632 
+AGS     = 0.2982198      B0      = 1.400359E-7    B1      = 1E-6 
+KETA    = -0.0927        A1      = 0              A2      = 1 
+RDSW    = 2.243184E3     PRWG    = -1.539171E-3   PRWB    = -5E-3 
+WR      = 1              WINT    = 7.527266E-8    LINT    = 7.082567E-9 
+DWG     = -3.50934E-8    DWB     = 1.755184E-8    VOFF    = -0.15 
+NFACTOR = 2              CIT     = 0              CDSC    = 6.593084E-4 
+CDSCD   = 0              CDSCB   = 0              ETA0    = 0.9829096 
+ETAB    = 0              DSUB    = 0.7480557      PCLM    = 8.4848105 
+PDIBLC1 = 8.75058E-3     PDIBLC2 = 3.584718E-3    PDIBLCB = 0 
+DROUT   = 0.7480557      PSCBE1  = 1.34897E10     PSCBE2  = 5.005E-9 
+PVAG    = 5.279          DELTA   = 0.01           MOBMOD  = 1 
+PRT     = 0              UTE     = -1.5           KT1     = -0.11 
+KT1L    = 0              KT2     = 0.022          UA1     = 4.31E-9 
+UB1     = -7.61E-18      UC1     = -5.6E-11       AT      = 3.3E4 
+WL      = 0              WLN     = 1              WW      = 0 
+WWN     = 1              WWL     = 0              LL      = 0 
+LLN     = 1              LW      = 0              LWN     = 1 
+LWL     = 0              CAPMOD  = 2              CGDO    = 2.7E-10 
+CGSO    = 2.7E-10        CGBO    = 0              CJ      = 1.4189E-3 
+PB      = 0.99           MJ      = 0.55859        CJSW    = 4.3454E-10 
+PBSW    = 0.99           MJSW    = 0.41698        PVTH0   = 0.0205222 
+PRDSW   = -192.4659503   PK2     = -1.47247E-3    WKETA   = -0.0211398 
+LKETA   = 9.027967E-3 
* 
.option post 
.option probe 
.probe V(vpw) V(vmw) V(vsub) V(stepL) V(step1) V(step2) 
+      V(vhigh) V(vlow) V(feedthr) V(phrL) V(phr1) V(phr2) 
+      V(shift_in) V(sh_out_1row) V(sh_out_end) V(ph1) V(ph2) V(learn) 
.probe V(a_2929_8102)   V(a_3023_8117) 
.prboe V(a_2945_8101)   V(a_3228_8117) 
.probe V(a_3560_8101)   V(a_6744_8117) 
.probe V(a_10359_8101)  V(a_10642_8117) 
.probe V(a_2929_7937)   V(a_3023_7952) 
.probe V(a_2945_7936)   V(a_3228_7952) 
.probe V(a_3560_7936)   V(a_6744_7952) 
.probe V(a_10359_7936)  V(a_10642_7952) 
.probe V(a_2929_3317)   V(a_3023_3332) 
.probe V(a_2945_3316)   V(a_3228_3332) 
.probe V(a_3560_3316)   V(a_6744_3332) 
.probe V(a_10359_3316)  V(a_10642_3332) 
+PRDSW   = -192.4659503   PK2     = -1.47247E-3    WKETA   = -0.0211398 
+LKETA   = 9.027967E-3 
* 
.option post 
.option probe 
.probe V(vpw) V(vmw) V(vsub) V(stepL) V(step1) V(step2) 
+      V(vhigh) V(vlow) V(feedthr) V(phrL) V(phr1) V(phr2) 
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+      V(shift_in) V(sh_out_1row) V(sh_out_end) V(ph1) V(ph2) V(learn) 
.probe V(a_2929_8102)   V(a_3023_8117) 
.prboe V(a_2945_8101)   V(a_3228_8117) 
.probe V(a_3560_8101)   V(a_6744_8117) 
.probe V(a_10359_8101)  V(a_10642_8117) 
.probe V(a_2929_7937)   V(a_3023_7952) 
.probe V(a_2945_7936)   V(a_3228_7952) 
.probe V(a_3560_7936)   V(a_6744_7952) 
.probe V(a_10359_7936)  V(a_10642_7952) 
.probe V(a_2929_3317)   V(a_3023_3332) 
.probe V(a_2945_3316)   V(a_3228_3332) 
.probe V(a_3560_3316)   V(a_6744_3332) 
.probe V(a_10359_3316)  V(a_10642_3332) 
.probe V(a_8511_4636)   V(a_8797_4652) 
.probe V(a_8511_4471)   V(a_8797_4487) 
.probe V(a_8511_4306)   V(a_8797_4322) 
.probe V(a_8511_4141)   V(a_8797_4157) 
.probe V(a_8511_3976)   V(a_8797_3992) 
.probe V(a_8511_3811)   V(a_8797_3827) 
.probe V(a_8511_3646)   V(a_8797_3662) 
.probe V(a_8511_3481)   V(a_8797_3497) 
.probe V(a_8511_3316)   V(a_8797_3332) 
.probe V(Bin1) V(Bin2) V(Bin3) V(Bin4) V(Bin5) 
+      V(Bin6) V(Bin7) V(Bin8) V(Bin9) V(Bin10) 
+      V(Bin11) V(Bin12) V(Bin13) V(Bin14) V(Bin15) 
+      V(Bin16) V(Bin17) V(Bin18) V(Bin19) V(Bin20) 
+      V(Bin21) V(Bin22) V(Bin23) V(Bin24) V(Bin25) 
+      V(Bin26) V(Bin27) V(Bin28) V(Bin29) V(Bin30) 
.probe V(Ain1) V(Ain2) V(Ain3) V(Ain4) V(Ain5) 
+      V(Ain6) V(Ain7) V(Ain8) V(Ain9) V(Ain10) 
+      V(Ain11) V(Ain12) V(Ain13) V(Ain14) V(Ain15) 
+      V(Ain16) V(Ain17) V(Ain18) V(Ain19) V(Ain20) 
+      V(Ain21) V(Ain22) V(Ain23) V(Ain24) V(Ain25) 
+      V(Ain26) V(Ain27) V(Ain28) V(Ain29) V(Ain30) 
.probe I(vBout1) I(vBout2) I(vBout3) I(vBout4) 
.probe I(vAout1) I(vAout2) I(vAout3) I(vAout4) I(vAout5) 
+      I(vAout6) I(vAout7) I(vAout8) I(vAout9) I(vAout10) 
+      I(vAout11) I(vAout12) I(vAout13) I(vAout14) I(vAout15) 
+      I(vAout16) I(vAout17) I(vAout18) I(vAout19) I(vAout20) 
.tran 1us 20000us UIC 
.end 
 
Note: The initial condition file allzero.ic set every node to be zero. 
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