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ABSTRACT

ABSTRACT

As advances have been made in semiconductor processing technology, the
number of transistors on a chip has increased out of step with the number of
input/output pins, which has introduced a communications ’bottle-neck’ in the
design of computer architectures. This is a major issue in the hardware design
of parallel structures implemented in either digital or analogue VLSI, and is

particularly relevant to the design of neural networks which need to be highly
interconnected.

This work reviews hardware implementations of neural networks, with an
emphasis on analogue implementations, and proposes a new method for
overcoming connectivity constraints, by the use of Frequency Division
Multiplexing (FDM) for the inter-chip communications. In this FDM scheme,
multiple analogue signals are transmitted between chips on a single wire by
modulating them at different frequencies.

The main theoretical work examines the number of signals which can be
packed into an FDM channel, depending on the quality factors of the filters
used for the demultiplexing, and a fractional overlap parameter which was
defined to take into account the inevitable overlapping of filter frequency
responses. It is seen that by increasing the amount of permissible overlap, it
is possible to communicate a larger number of signals in a given bandwidth.
Alternatively, the quality factors of the filters can be reduced, which is
advantageous for hardware implementation. Therefore, it was found necessary
to determine the amount of overlap which might be permissible in a neural

network implementation utilising FDM communications.



ABSTRACT

A software simulator is described, which was designed to test the effects of
overlap on Multilayer Perceptron neural networks. Results are presented for
networks trained with the backpropagation algorithm, and with the alternative
weight perturbation algorithm. These were carried out using both floating point
and quantised weights to examine the combined effects of overlap and weight
quantisation. It is shown using examples of classification problems, that the
neural network learning is indeed highly tolerent to overlap, such that the
effect on performance (i.c. on convergence or generalisation) is negligible for
fractional overlaps of up to 30%, and some tolerence is achieved for higher
overlaps, before failure eventually occurs. The results of the simulations are

followed up by a closer examination of the mechanism of network failure.

The last section of the thesis investigates the VLSI implementation of the
FDM scheme, and proposes the use of the operational transconductance

amplifier (OTA) as a building block for implementation of the FDM circuitry
in analogue VLSL

A full custom VLSI design of an OTA is presented, which was designed and
fabricated through Eurochip, using HSPICE/Mentor Graphics CAD tools and
the Mietec 2.4p CMOS process. A VLSI architecture for inter-chip FDM is
also proposed, using adaptive tuning of the OTA-C filters and oscillators.

This forms the basis for a program of further work towards the VLSI
realisation of inter-chip FDM, which is outlined in the conclusions chapter.
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CHAPTER 1 INTRODUCTION

CHAPTER 1 - INTRODUCTION

This introductory chapter begins by explaining the problem of connectivity
constraints in the implementation of parallel computer architectures,
particularly with respect to neural network hardware. The next section goes on
to put forward the aims and objectives of this thesis, to be espoused in the
following chapters. The structure of the thesis is then described and finally, the

novel ideas presented are summarised.

1.1 Connectivity Issues in VLSI and Neural Networks

Advances made in semiconductor processing technology have reduced the
minimum feature size and increased the sizes of chip possible in recent years,
making possible the design of VLSI circuits with several millions of
transistors. Studies have shown that this figure is likely to increase by an order
of magnitude up to the turn of the century! "), However, it is also the case that
packaging technology has not kept pace with process improvements. This has
had the effect of reducing the number of input/output pins on a chip relative

to the transistor count, thus introducing an I/O bottleneck in VLSI design.

The effect is particularly noticable in parallel (concurrent) processing
architectures, due to the large amount of data movement required between
processors, and between processors and memory. Construction of massively
parallel architectures requires the consideration of connectivities at different

levels; the chip level, board level, and system (or *backplane’) level.

Two paradigms have emerged for concurrent processing. The parallel
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supercomputer paradigm has tended towards the use of a smaller number of
powerful state-of-the-art digital processors, and complex signal routing
strategies. The artificial neural network paradigm tends towards the use of

larger numbers of simpler processors, which may be digital or analogue and

which are highly connected.

In supercomputing and for digital computing in general, the emphasis is on
methods for achieving the highest computation speeds for ever increasing chip
size and complexity!"?, Communicating signals off and between chips is seen
as the main obstacle to increasing overall system speed. The /O bottleneck
situation has ensured that intense research will continue into packaging
technology over the next decade!*, for both inter-chip and inter-board
connections. The past 10 years have seen a rapid migration from Dual Inline
Packages (DIP) to ceramic Pin Grid Arrays (PGA), Plastic Lead Chip Carriers
(PLCC) and Plastic Quad Flat Packs (PQFP), all developed to increase the
number of available external 1/O pads. Surface Mount Technology (SMT) has
been used to achieve higher board level packing of chips. More recently,
Multichip Modules (MCM) using several chips on a single substrate have
enabled the production of packages with even more I/Os. Flip-chip-bonding
techniques are starting to find use for aligning chips on MCMs, and for
interfacing silicon to optoelectronic devices. The former gives the potential for
construction of three-dimensional (stacked) structures with vertical connections
between chips, thus utilising the chip area for interconnect in addition to the
perimeter. The latter will enable high bandwidth optical connections to be used
between chips. Both methods counteract latency by shortening connection time

delays between system elements. VLSI routing chips are also being used to

provide programmable interconnect between chips and boards. Advances in
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CHAPTER 1 INTRODUCTION

some of these technologies are finding their place in lower-end products, and

will continue to do so as the technologies mature and costs lower.

In the artificial neural network case, it is hoped that massive parallelism can
be used to overcome the limitations of processor simplicity, lower accuracy,
and slower speeds which are the inevitable resuit of reducing the size and
complexity of the individual processor, or of using analogue processing. The
artificial neural network approach is inspired by the fact that the brain, which
consists of millions of highly connected neuron cells, is capable of very
sophisticated computation in spite of the slow processing speed of an
individual cell. Since high connectivity is very desirable in neural network
hardware, the number of achievable connections quickly becomes a serious

issue at all levels of physical design.

In the case of digital neural networks, the number of pins required for data
transfer between each processor and its memory increases linearly with the
number of processors, which can be a large increase for wide data paths. There
is therefore a tradeoff between data path width and the number of processors

per chip, necessitating processing of data over several clock cycles.

In analogue implementations, each signal needs to use no more than one wire
since analogue values are continuous (although the choice of a differential
representation may increase this to two). However, because the use of compact
analogue techniques allows the integration of more processors per chip, the
number of external data paths required can still be very large, and the problem
of connectivity remains. Neural networks have the potential to exploit massive

paraliclism and adaptive capabilities in order to overcome the limitations of
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CHAPTER 1 INTRODUCTION

analogue electronics, which is by its very nature of lower accuracy and more
subject to the physical realities of integrated circuit processing than its digital
counterpart.

Whilst the aforementioned advances in packaging will also find their use in
neural network VLSI implementations, any other method which can be used
to reduce the number of physical connections required whilst maintaining

adequate bandwidth is a subject for useful research.

This thesis presents the results of an investigation into one such method, that
of Frequency Division Multiplexing (FDM) of the inter-chip communications.
The vehicle chosen for the method is an analogue neural network architecture.
It will be argued that FDM is a solution to connectivity constraints in analogue
neural networks, especially when the neural network learning is able to

compensate for errors introduced by the use of a lower accuracy

implementation.

1.2 Aims and Objectives

The aim of this thesis is to present the idea of FDM for neural network

communications in a formal manner, and investigate the VLSI implementation

of such a technique.

This objective cannot be achieved out of context, and it is therefore necessary
to bring together the ideas which surround the research. To this end, this thesis
aims to review the current state of neural network hardware research, with an
emphasis on state-of-the-art analogue implementations. It aims also to provide

a review of analogue VLSI design techniques required before hardware

4
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implementations can be considered.

The core of the thesis aims to construct a relevant theoretical basis for the
FDM technique, and investigate these claims by software simulations,

theoretical analysis, and some hardware implementations as far as allowed by

limited time and budgets.

The ultimate aim of such a project would be the VLSI implementation of a
neural network architecture utilising FDM, fully integrated into a system
environment with software interface. This is not a feasible prospect for a three
year funded postgraduate project, and it has been necessary to limit the work
to the communications part of the system. Thus, a further aim of this project
is to provide the necessary groundwork and results for continuation after this
thesis is written. For this reason, not only are the results from VLSI designs
presented here, but also a description of the CAD route used, and the
previously mentioned review of relevant analogue techniques. This reflects the
need of the full-custom integrated circuit designer to understand not only the

circuit theory for a design, but also the tools to be employed, and the features
of the fabrication process itself.

1.3 Structure of the Thesis

The main flow of the following chapters is from review, to software
simulation, and through to hardware implementation. The beginning of each
chapter contains a summary of the subject matter to be covered, and a brief
review of the background needed to fully understand it, in addition to that

covered in the main review chapter. The following is a short description of the

contents of the next five chapters.
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Chapter 2 contains an introduction to artificial neural networks. The majority

of the chapter is focused on general issues, and the particulars of digital and

analogue VLSI implementations, with emphasis on analogue.

Chapter 3 presents the FDM technique. The chapter starts with a look at
multiplexing and modulation techniques for communications in analogue neural
networks, followed by development of the theoretical basis for inter-chip FDM.
This chapter also presents a layered neural network system level architecture
utilising FDM, and an implementation based comparison of FDM with Time

Division Multiplexing (TDM) for the communication of analogue information.

Chapter 4 is the software implementation chapter which begins with a more
detailed account of the particular multilayer neural network model chosen for
this work. The next part of the chapter describes the software development of
a simulator for the network. Software analysis is aimed at testing the
hypothesis put forward, that neural network learning algorithms are tolerant to
crosstalk which occurs due to overlap of amplitude responses in the FDM

channel. The final part of the chapter presents the results of these

investigations.

Chapter 5 is the VLSI chapter. The review section at the beginning looks at
analogue design techniques required for the design of active filter circuits, and
other circuits for implementing FDM communications between integrated
circuits. This is followed by a section on operational transconductance
amplifiers (OTAs), put forward here as the best building block for the VLSI
designs. The design of a prototype OTA chip is then presented including
theory, design route and results from fabrication. The final part of the chapter

6
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considers the adaptive tuning of the filters and oscillators in the FDM system.

Chapter 6 concludes the thesis by bringing together the preceding chapters and
examining the actual objectives achieved, and presents a plan for future

developments of the technique and other related work.

1.4 Novel Work
A thesis of this sort is always the result of a mixture of work carried out by

the author, and review of work done by others. Whilst the work of others is

always credited and referenced throughout this thesis, the new ideas and results

are best summarised as follows.

Frequency Division Multiplexing is proposed and investigated for inter-chip
communications. It is intended that the technique may be seen as not
necessarily restricted to neural networks, and will find applications in the VLSI
realisation of other highly connected systems.

In the process of this work, it was discovered that neural network learning is
highly tolerant to the mixing of signals in the FDM channel, caused by
overlapping of filter responses. A fractional overlap parameter is introduced
to enable the analysis of this effect. It is shown that the adaptive nature of a
neural network enables it to compensate for overlap errors. This has been
shown to be the case for linear overlap error in a multilayer perceptron

network trained to do pattern classification, using the backpropagation
algorithm.

A software simulator was designed to test the effects of overlap. Methods are

7



CHAPTER 1 INTRODUCTION

presented in this thesis for optimisation of simulator operation for binary-coded
inputs and outputs. The use of an output activation tolerance (defined as the
difference between the desired binary output activation used for the training,
and the analogue output activation which can be tolerated) is proposed as a
performance metric and for deciding when training is complete. Whilst not
particularly sophisticated, these techniques have been used to good advantage

in the simulator design and contributed to a reduction in training time.

An existing linearisation technique was used in the design of the OTA for
which the results from fabrication are presented. However, the technique had
not previously been reported in monolithic form and thus the implementation,

if not the circuit design itself, can be presented as novel.
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CHAPTER 2 - ARTIFICIAL NEURAL NETWORKS AND
THEIR HARDWARE IMPLEMENTATIONS

At the initiation of this project, there were few general texts on neural
networks. Today there are many, so rather than repeat the details of this work,
the following chapter presents only a brief overview of neural network
philosophy and models, pointing the reader towards the relevant texts for more
details. The majority of the chapter is concentrated in the area of Very Large
Scale Integration (VLSI) hardware implementations, which is not so well
catalogued in the literature. This description is more detailed for analogue
VLS]I, but digital VLSI and general issues are also covered in some depth. No

attempt is made to cover optical implementations, although some references are

made to their existence.

2.1 Artificial Neural Network Models and Architectures

Interest in neural networks began as a desire to understand processes in the
biological brain and explain the workings of the senses and memory. Present
day models for artificial neural networks are based on, or at least inspired by,
this earlier work. The human brain is known to consist of ~10'° neuronal cells,
with around 10°-10° connections to any one cell from others. Electrical pulses
are communicated across synaptic clefts between neurons by means of
chemical jon transport, with a strength depending on the ion concentrations.
The higher level structure of the brain is a hierarchy of sub-networks of
neurons specialised to particular tasks. The collective parallel action of this
system is capable of performing computations which cannot be matched by the

fastest of supercomputers, in spite of the fact that the processing speed of a
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biological neuron is only of the order of a millisecond compared to the sub-
nanosecond speed of a typical tramsistor. According to the connectionist
paradigm, as developed extensively by the Parallel Distributed Processing
(PDP) group of Rumelhart and McClelland®", the nature of brain-like systems
is contained in the massive parallelism of the networks, and both the
information and processing is distributed throughout. Since the neuron time-
constant is so large, many of the computations in the brain must take less than
100 computational steps, unthinkable for any of the algorithms used in present
day systems for sensory computation. Furthermore, the PDP group showed that
connectionist solutions to simple problems can reveal insights into how larger
collections of neurons might act. Connectionism is described as a micro-theory

for psychology, complementing many existing macro-theories.

In the understanding that it is the architecture of the brain which gives it its
power, simplified models have been developed which hope to exploit the
barest features of massive parallelism, both to help explain the operation of
biological neural networks, and to enable the use of artificial neural networks
in scientific and engineering applications. McCulloch and Pitts*? are credited
with the earliest massively parallel neural network model for explaining
computation in biological nets, published in 1943. In this model a neural
network is a fixed structure consisting of neurons connected by inhibitory and
excitatory synapses. Each neuron is an all-or-nothing process which outputs an
excitatory signal only if the sum of the signals accumulated from other neurons
exceeds a certain threshold. In addition, a neuron is switched off by any
inhibitory signal. Timing in the network is described by a period of latent

addition over which the summation of signals is performed, and a delay
associated with each synapse.

10
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In 1949, Hebb™® proposed a theory for leaming in neural networks whereby
connections to a neuron are strengthened if that neuron is excited. The variable
connection strengths are known as synaptic weights. The Hebbian Hypothesis
asserts that the alteration of synaptic weights during learning is the main

mechanism for information storage in biological neural networks.

A generic artificial neuron structure is shown in Fig 2.1. The neuron function

aggregates the weighted inputs according to some model. The synaptic weights

are modified by the learning process.

Synaptic Weight
External Inputs 0 To
or N Neuron State
Neuron States ‘ Fnction External Outputs
from o
other neurons . other neurons
INPUT OUTPUT

Fig 2.1 Artificial Neuron

The above ideas laid the foundations not only for further biological models,
but also for networks designed to solve specific types of problem. These can

be divided roughly into two categories, namely classification and association

problems.

11
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Classification uses the features present in input data to cluster like patterns and
distinguish unlike ones, thus partitioning the data into classes. Networks to
accomplish this can be trained using input patterns in known classes.

Alternatively, a network can be designed to perform its own clustering without

the need for a teacher.

Association is used either to reconstruct an input pattern from noisy or
incomplete data called Auto-association, or to perform a retrieval from an input

pattern to an associated output pattern called Hetero-association. Associative

networks perform memory-like functions.

Various models have been proposed to carry out the above tasks. All involve
architectures of interconnected neurons, so a general model can be used for a
low level description. Grossberg’s neurodynamical model® is a good general
model which may be specialised to obtain many of the network architectures

and learning algorithms popular today, and is thus an important starting point
for neural network theory.

Grossberg’s model is a set of linked differential equations describing the time
evolution of both the neuron states and the synaptic weights. In one set of
equations the change of each neuron state is expressed as a combination of its
present state, external inputs, and inhibitory or excitatory stimuli from other
neurons modified through the synaptic weights. At the same time, the weight
change for cach synapse is expressed as a combination of the present weight
and the neuron state used as a learning stimulus. Since learning (or forgetting)
occurs constantly,

the rate of change of weights must be slower than the rate
of change of neuron states in order for the network to perform any useful

12
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function.

Neural network architectures can be divided usefully into categories. The main
divisions are Feedforward or Recurrent (Feedback), and Supervised or

Unsupervised (Self-Organising).

Feedforward networks consist of layers of neurons in which the information
flow from input to output of the network does not contain any feedback paths.
At any particular time, an input pattern results in an output determined
completely by the mapping function of the weights. The power of these
networks is in the internal representations formed by the hierarchy of neuron
layers. This type of network has the advantage of being unconditionally stable,
and fast. Examples of feedforward networks are the Multilayer Perceptron
(explained more fully in Chapter 4) or Madaline®, and the

Cognitron/Neocognitron™*”) networks.

Recurrent networks contain feedback connections, and as such are more
general dynamical systems with the possibility of being stable or unstable. On
applying an input pattern to a stable network, it will settle into a non-varying
state in a short time, or after a few iterations in a discrete time system.
Recurrent networks are well suited to associative memory, optimisation, or
retrieval type tasks, as exemplified by the Hopfield network™®. Information

storage capacity is improved in comparison to feedforward networks.

Supervised networks are trained by an external teacher, so that a trained
supervised network gives specified responses to input stimuli. The weights are
calculated from examples of correct input/output mappings, by minimising the

13
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error between the correct output and the output obtained by applying the input
to the untrained network. In the original Hopfield network, weights are
computed directly in order to minimise a global error function. In most other

networks, the weights are calculated iteratively by changing the weights in

small steps until the error is minimised.

Unsupervised networks do not require a teacher to provide the desired outputs,
and the weights are computed from example inputs only. In most examples
competitive learning is used, so that the weight vectors of certain neurons only
are modified. For each winning neuron (having the largest response to an
input), the weight vector is changed to be more like the input vector i.e. the
scalar product of the two vectors is increased. After training in this way,
different groups of neurons will respond to different inputs, so that automatic
clustering is achieved. Inhibitory stimuli can be used to ensure good
differentiation between the outputs of the winning neuron and its competitors.
These are most often implemented as lateral connections from one neuron to

other neurons in the same layer, over a limited spatial radius. The Kohonen

self-organising feature map is a good example using this local feedback
between neurons'®?).

Both unsupervised and supervised networks as introduced above are less
general than the Grossberg model, where learning is a continuous plastic
process, adapting to new input data as need be. In most current neural network
models, the neuron is trained first with training data, after which the weights
are fixed and the network response is then stable. It is required that the
training set be complex enough so that the network can generalise its response

for any other input within the same statistical distribution. This is a reasonable

14
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assumption to make unless there is a large shift in the form of the distribution
of input data after training, or the amount of available training data is limited.
On the other hand, too much adaptability can prevent the network from
learning long term regularities, forgetting old distributions as quickly as new
ones are learnt. Grossberg himself has attempted to address this trade-off
between stability and plasticity, in the development of the Adaptive Resonance
Theory (ART) together with Carpenter™'*'"l, ART networks retain the ability
to adapt to new data without upsetting that which is previously learnt, which
may be seen as the state-of-the-art in neural networks architectures, if not the

casiest to implement.

Texts describing the above (and more) models and architectures in greater

detail are to be found in the references™®'?%, Some of these are important early

books or papers on specific neural network models, some are collections of

papers, and some are the more recent general text books covering a wider
field.

2.2 Hardware Implementations

Most artificial neural network models have been implemented in software, but
the size and complexity of many problems has quickly exceeded the power of
conventional computer hardware. It is the goal of neural network engineers to
transfer the progress made into new hardware systems. These are intended to

accelerate future developments of algorithms and architectures, and to make

possible the use of dedicated neural networks in industrial applications.

The ideal logical model of a neural network is an arbitrarily large number of

neuron units, and an even larger number of synapses, one for each inter-neuron

15



CHAPTER 2 ANN HARDWARE IMPLEMENTATIONS

connection. Signals are communicated from any neuron to any other as
required. For implementation purposes, this logical model must be mapped on
to the physical technology. At present there are three main avenues of
research, each with its own merits and associated problems, namely the digital
VLSI, analogue VLSI and optical approaches. This section does not consider
optical implementations which are altogether different from the VLSI

approach. (However, a useful starting article can be found in the

references®?.)

The stated advantage of using a particular technology depends greatly on
which part of the problem is being addressed. For this reason is is instructive
to split the neural network system into parts, namely; interface, synapses,

neurons, interconnect and learning.

The interface is between the physical neural network and its environment.
Inside the network, the synapses associated with a neuron modify signals from
other neurons usually by multiplying each signal by a weight value. The
synapse is also responsible for local storage of the weight value i.e. memory.
The neuron body performs the processing of the modified signals typically by
performing summing and thresholding operations. Interconnect is the means
by which the signals are transferred around the network, and learning is the

process of adapting the synaptic weights. The following sub-sections consider

these parts in detail for electronic implementations.

2.2.1 Interface

In all envisaged implementations in the development phase, the neural network

will form the heart of a system interfaced to a host computer. The host may

16
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be necessary not only to provide a user interface for controlling the network,
but also for long term storage of network values and parameters. The
communications overhead between host and dedicated hardware should be

considered in the overall performance of any system.

2.2.2 Synapses and Neurons

Because of their large number, small dimension synapses and neurons are
required if a neural network model is to be mapped directly into hardware.
Synapses in particular must be small because they are by far the most
numerous clements. In this case analogue VLSI technology is most suited to

the task, and is considered first in this sub-section.

In an early implementation, Graf and Jackel™®*" implemented a neural network
using resistors to perform the multiplication of neuron output voltages by
means of Ohm’s Law. The resulting currents were summed into an amplifier
on a single wire making use of Kirchhoff’s Current Law, thus performing part
of the neuron function. Similar current-mode processing has been adopted in
most analogue implementations to date. However, the use of fixed resistors in
this particular example means that the weights could not be made
electronically programmable. Switching of different resistor values could be

used to introduce a crude prbgrammabi]ity, but unused resistors in every

synapse would consume a large amount of chip area.

In MOS technology, direct implementation of resistors is in any case
undesirable™*), and multiplication can be achieved instead by the use of
transistors operating in the linear (triode) region®®, by analogue

multipliers™*”, and by variable gain transconductance amplifiers®*"), More

17
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importantly, these methods also provide the means for implementing and
storing electronically programmable weights. One way of achieving local
weight storage in conventional technologies is by digital-to-analogue
conversion from local digital memory using a multiplying digital-to-analogue
converter (mDAC) for each synapse or group of synapses. If output from the
synapse is in the form of a current, it may be switched on to one of two wires
(excitatory or inhibitory) depending on the value of a sign bit, and summed
with currents from other synapses. The total resultant current may then be
computed by subtracting the currents on the two wires with a current mirror.
This method is practical only for very low resolution weights because of the
chip area required for the mDAC and local memory. Device matching may
also be a problem for higher resolutions, especially for the weighted-resistor
type DAC which requires a doubling in device area per bit resolution. Ladder-

resistor type DACs do not suffer so much from this problem®*2,

Alternatively, the weight may be stored as charge on a capacitor™®, but this
must be continually refreshed because of leakage. Refresh from external digital

memory may be done using a single multiplexed DAC or multiple DACs, in
which case the number of synapses is limited by the total refresh interval.
Local refresh is also possible. Vittoz**! and Castello? both describe local

analogue refresh schemes whereby weights are updated in parallel to the
nearest quantisation level of a global staircase voltage. In this case the step
size must be larger than the maximum voltage drop due to charge leakage, and
carc must be taken to avoid charge injection due to switching. The advantage

of the method is in the use of a single "clock-like" signal for refreshing all the
synapses, removing the need for complex addressing.
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Differential charge storage on pairs of capacitors helps to reduce the effects of
leakage, and also enables the storage of signed analogue weights depending on
which of the two capacitors has the larger charge. Here, charge injection has

been used beneficially to move charge between capacitor pairs whilst keeping

the total charge constant™>®,

The neuron itself is responsible for aggregating the inputs and thresholding the
output. Sigmoidal thresholding or hard-limiting is readily achieved due to
amplifier saturation for large inputs, but the load must be designed to sink or
source the maximum possible sum of currents from the synapses. It is therefore
necessary to increase the load if more synapses are added. To overcome this
problem, it has been suggested that the neuron function be distributed to each
synapse or group of synapses, so that the load grows in proportion to the
number of synapses required™*”,

The above techniques have been used in continuous time analogue systems.
Where neuron information is represented as pulses, additional methods can be
used to perform the multiplication and summing operations®**!, Mulfiplication
can be carried out by modifying the rate, width and/or amplitude of the pulses,
depending on the coding technique used. Summation can be achieved by time
integration, or by the logical-ORing of pulse trains.

Less conventional techniques also have been found to be suitable for storing
analogue weights, especially for reducing leakage and refresh requirements.

One method employs Charge-Coupled-Device (CCD) techniques for storage
and computation*%,
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EEPROM type technology using MOS floating gates™” is also showing
promise for non-volatile storage. The gate threshold voltage is controlled by
the amount of charge in the floating gate. Refresh is unnecessary which is the
main advantage of the technique. Disadvantages are a charging time of the
order of 10ms, and a limited number of read/write cycles before device failure,
which make it unsuitable for continuous adaption. In addition, external
voltages of around 20V are required for programming. More recently,
amorphous silicon has been investigated for use in neural network

applications®*), The devices have a variable resistance, programmable by

voltage pulses in the range 1-5V.

Digital VLSI techniques are also suited to implementations of neurons and
synapses>*?. The main advantage of the digital approach is that it enables
short term solutions to the neural network hardware problem. Digital VLSI is
well established so that reliable design and testing may be carried out using
CAD tools, and results are readily reproducable so that performance is more
easily evaluated. Chips may be programmed to accommodate different network
architectures and learning algorithms. This flexibility is important for
developing and evaluating new learning algorithms, and provides a clear route

from existing neural networks implemented in software.

Unlike analogue implementations however, fully digital ones cannot attempt
to map a neural network directly to silicon. Due to the chip area consumed by
a digital multiplier, it is simply not possible to attempt to implement one
multiplier per synapse as in the analogue case. In order to implement a large
network, it is also necessary to map it to a smaller number of physical
neurons. The building block for dedicated digital implementations thus favours
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a special purpose processing unit (containing, for example, a single synapse
and neuron) of which several may be integrated on a single chip or wafer.

Processors can then be multiplexed to implement a network.

Some issues facing the digital neural network designer are similar to those
facing the designer of any parallel system. For example, the choices between
Single-Instruction-Multiple-Data stream (SIMD) or Multiple-Instruction-
Multiple-Data stream (MIMD) parallelism, distributed or shared memory, and
processor granularity are all relevant®*’),

SIMD schemes exploit well the regularity of neural network models, and
require only one controller for the processor array. In the ideal SIMD array,
each neuron would perform the same instruction at the same time. In practice,
some algorithms require different sets of neurons (e.g. in different layers) to
perform different functions, and so time-slicing of instructions is necessary.
Systolic array architectures have been proposed which allow an efficient use
of available processors for calculating sums of products®“*. Other SIMD

machines use broadcast communication similar to that used in the Ring Array

Processor’>*®,

Alternatively, MIMD schemes may be used. Most examples in the literature
have utilised existing microprocessor chips. This approach tends to be
expensive and limits implementation to the board level, but vastly reduces
development time compared to dedicated processor design. Digital signal
processors such as those in the Texas Instruments TMS320 or Motorola
DSP56000 families are an obvious choice for sums-of-products

calculations™". Inmos Transputers have also been used™®, although the
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hardware architecture of such a system is limited by the small number of direct
interconnects possible. In general, MIMD schemes are not optimal for neural
networks because of the chip area wasted in having one controller per
processor. In addition, MIMD control is complicated by the need to ensure
process sychronisation and to avoid deadlock in computation. As a result, there

are few reported dedicated designs of MIMD processors for neural networks.

Different methods of data representation may obviate the need for multipliers
in digital implementions. If weights and inputs are stored as binary logarithms,
multiplication and division can be achieved by addition and subtraction®™*),
Multiplication by table look-up has also been considered®®. Emulating non-
linear thresholds is not straightforward, and a few researchers have developed
digital methods for efficient computation of sigmoids'>*!**], Otherwise, a look-
up table must be used. Other issues for digital implementation include how to
best map a logical network on to the limited number of physical units*, and
how to achieve global clocking to a large number of processors. Self-timing

has been investigated as an alternative to synchronous design, especially for

use in wafer-scale arrays!**?,

2.2.3 Interconnect
Both analogue and digital VLSI implementations suffer from a
communications bottle-neck due to the planar nature of the technology, which

is not good for parallel computing in general, nor neural networks in particular.
This is the case both at the chip level and the system level.

In a typical neural network of N neurons the interconnect requirement is of

order N* wires if full interconnection is required, an area increase of order N°
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with N. For increasing N, the chip (or board) area will be consumed by
interconnect unless a third dimension is found to accommodate it. In analogue
implementations, certain signals may be communicated on a single wire if the
wire is allowed to perform the summing of the signals. This is the case where

currents are used, and where pulses are wire-Ored. Otherwise, some form of

explicit multiplexing must be used**,

Time division multiplexing (TDM) is the standard method for increasing the
number of logical commmunication channels in VLSI systems, without the use
of more interconnect wires. TDM is suited to digital communications since the
data is already represented as pulses. The main problem with TDM is the
inherent loss of parallelism which may be unacceptable in systems where there
is one processor for each neuron, as in analogue implementations™*". In fully
digital implementations however, where it is also necessary to multiplex

processors, this may not represent such a large overhead increase.

Frequency division multiplexing (FDM) in VLSI****% has not been considered
by any group other than the author’s. This is an alternative technique which
- may provide a solution to the communications bottleneck in analogue

implementations without a serious loss of parallelism.

In addition to communication of activity between neurons, channels are needed
for communicating, updating and refreshing weights values. Clearly, in a

typical modular neural network system, many of the signals must be
communicated between modules and across the host/network interface. In

VLSI implementations, the number of I/O pads on a chip will therefore be a

limiting factor. There is no point having a neural network which can operate
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internally at a high speed, if the inputs and results cannot be communicated off
the system in a comparable time. In digital VLSI, memory may be placed off-
chip to maximise the chip area for processors, replacing interprocessor 1/O
with memory I/O. Analogue VLSI may suit single chip solutions where inter-
chip processor /O is eliminated. However, in both cases there will be a need
to look at inter-chip I/O very carefully if expandable systems are to be
produced without loss in performance.

2.2.4 Learning

The learning algorithms used for modifying weights values using inputs and
training data are as an important part of the network system as the architecture
itself. Implementation of learning in VLSI systems takes three forms; off-chip,

' chip-in-the-loop’ and on-chip learning.

In off-chip learning, weights values are calculated externally by software and
are then downloaded to the neural network which is then used only for recall.
This is the easiest but least favoured method, since training times can be long.
It may be suitable for networks which do not need to adapt to new data once
trained, but it is not very well suited to analogue implementations where it
may be difficult to develop an accurate software model. Off-chip learning does
have the advantage in that it is easy to change the learning algorithm simply
by modification of software. It also allows the use of floating point arithmetic

for the algorithms which may not be feasible on a neural network chip.

'Chip-in-the-loop’ training, as used by Intel for fine-tuning their commercial
ETANN chip™*, may also be considered as an off-chip method since the

training algorithm is still run in software. However, in this case the neural

24



CHAPTER 2 ANN HARDWARE IMPLEMENTATIONS

network is used in the training loop which removes the need for a software
model of the network itself, and compensates for device variability. The main
drawback of this method is the communications overhead in continually

reading and writing data across the network/host interface.

On-chip learning must be seen as the most desirable method, since it may open
the way to stand-alone neural network chips. The main advantage of running
the learning algorithm in hardware is the gain in speed. There is however, a
trade-off in flexibility, especially in analogue implementations where
*programming’ of the learning algorithm is difficult. Other obstacles to the
development of on-chip learning are the extra chip area used, and the fact that
many of the current or popular algorithms (e.g. backpropagation) require global
data. One of the oldest algorithms, Hebbian Learning (which is local), was
implemented by Card and Moore™*!. On-chip leaming feasability will benefit
greatly from the development of new local algorithms so that synapse
modification may be carried independently for individual neurons, and the need
for additional wiring for learning is removed. At the time of writing, on-chip

learning is emerging in both digital and analogue implementations™>%'2,

2.2.5 General Issues and Trade-offs for VLSI Implementations
In hardware implementations which attempt to maximise the number of neuron
processors and synapses on chip, trade-offs between chip area and performance

are inevitable. The main area trade-offs are with resolution and dynamic range.

In digital implementions using multiply-accumulate neuron processors, the chip
area required per processor depends on the word lengths used in the system.

For maximum resolution, fixed point rather than floating point solutions are to
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be preferred. The accumulator width limits the dynamic range, and hence the
maximum number of inputs, of a neuron. Weights values tend to be
problematic since the values change during training, and vary in range
depending on the application. Since the maximum absolute weight value tends
to increase during learning, some researchers have opted for a variable-fixed-
point method, which involves moving the binary point to increase range at the
expense of resolution during the training process. Scaling down of all weights

as soon as any weight overflows is another possibility.

Unfortunately, performance of some neural learning algorithms, notably

backpropagation, have been shown to become severely degraded as bit
resolution of weights is reduced, because quantisation limits the minimum step
size for the weight updates. Recently, probabalistic rounding or ’dithering’
methods using pseudo-random noise have been used to add extra bit resolution
to weight increments without increasing the word length in the multiplier®®4.,
Other parts of the system do not appear to be affected by lower resolutions,
due to the massive parallelism which means errors in one synapse or neuron
can be compensated by others. The fact that it is the algorithm rather than the

network which requires the higher resolution is an important concept.

Analogue implementations are similarly affected. Only in a few
implementations are values truly continuous. Quantisation of inputs and
weights occurs during D/A conversion and refresh®%, Resolution is also
technology limited to about eight bits, after which device variations such as
mismatch and offsets tend to dominate, or synapse area becomes too large, as
mentioned earlier with reference to mDAC design. As another example, it has

been estimated that 30-bit resolution would be possible in EEPROM memory
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if single electron charge increments could be used, but in practice the neuron
cicuitry is only capable of controlling or registering a 0.4% change®®*’,
Fortunately, device variability is also compensated for by the parallelism and
the training process. For instance, offsets can be tuned away by the use of an
extra synapse trained specially for that purpose®™®), In analogy with the use of
pseudo-random noise in digital circuits, analogue noise has been found to
improve convergence in network training even with high levels of
quantisation™®”, Use of noise is in fact an explicit training mechanism in some
physically inspired algorithms such as simulated annealing (used in the
Boltzmann Machine®"), which uses a lowering of a temperature parameter to

reduce the ’thermal’ noise as the network converges.

Dynamic range could be a problem, considering the move to lower power
supply voltages by many IC manufacturers, but the use of current-mode
processing helps to alleviate this somewhat. Gain normalisation has been used
to keep the maximum neuron output voltage constant automatically as more
synapses are added™®”. Alternatively, the sigmoid gain may be set explicitly
depending on the fan-in®*, Modified algorithms which exert dynamic control

over the size of the weight increment also help to optimise learning in limited

precision implementations'*,

2.2.6 State-of-the-Art Analogue Neural Network Systems

The emphasis of this thesis is on analogue neural networks. Much progress has
been made in the field since the start of this project, and it is useful to
compare three of the most developed implementations. These are the

reconfigurable distributed neuron-synapse chip developed by AT&T?%, the
multiple chip modular system of the University of Pennsylvania/Corticon
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Inc.** and the Electrically Trainable Artificial Neural Network (ETANN) chip

of Intel Corporation®*’, All fully working experimental systems were reported
early in 1991.

The AT&T chip developed by Graf et al uses two modules which are repeated
on a single chip, expandable as a multichip system. The first module is a
square 4x4 distributed neuron-synapse array consisting of four fully
interconnected neurons each with four synapses. Each neuron-synapse is a
differential multiplying voltage-to-current (V-I) converter, with capacitive
weight storage. The combined loads of connected neuron-synapses performs
the sigmoid function. The second module is a 4x4 switch matrix designed to
sit between the faces of the first, which allows the input or output of any
neuron-synapse in a module adjacent to the switch matrix to be connected to
another. The configuration of the switches is set using a digital shift register.
The prototype chip was fabricated in 0.9pm CMOS technology comprising 64
neuron-synapse modules (equivalent to 1024 synapses and 256 neurons) and
144 switch modules. The chip was embedded in a microcomputer system
which performs the learning algorithm and long term data storage.
Configuration data is downloaded from an off-chip EPROM. 8-bit Input data
and 7-bit+sign weights data is stored in off-chip digital memory and
transferred to the chip as analogue voltages using eight off-chip D/A
converters for the inputs and eight for the weights. Eight off-chip A/D
converters are also used to convert the network outputs back to 8-bit digital
values for use by the microcomputer. Training is accomplished using a chip-in-

the-loop weight perturbation method.

This chip has the advantage of being dynamically reconfigurable, by virtue of
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its distributed structure and its programmable connections. The connectivity of
any neuron is, however, limited to those in adjacent modules. Results from
experiments with this chip have been reported as successful. Although not yet

demonstrated, the authors propose larger network implementations using

multiple chips or wafer scale integration.

In constrast, the University of Pennsylvania chip developed by Mueller et al
for acoustical pattern recognition is a board level design using combinations
of four IC modules. These consist of an 8 neuron block, an 8x16 synapse array
with 16 inputs, a 16x16 switch array, and a time constant module. The synapse
multiplies an analogue input by a digital value stored in a 6-bit logarithmic
form, to give a current output. A selection of signed weights between 1/400
and 10 are possible representing a range of 12-bits+sign. The neuron module
consists of 8 neurons performing the current summing and thresholding, and
an analogue multiplexer which allows the sampling of any neuron output
without interfering with network operation. The switch module allows
connection between any of the 16 horizontal wires and any of the 16 vertical
ones, and lines can be either routed though the switch modules or terminated
within the module if required. The switches are set digitally in order to
configure the connectivity of the network. The time constant module consists
of passive capacitors and variable active resistances implemented using
transconductance amplifiers. The neural network is constructed around the
neuron block, with up to two adjacent synapse arrays allowing a maximum of
32 inputs to a neuron. Neuron outputs are routed to other synapse arrays via
the switch modules, with optional time constant modules in between used to

introduce variable delays between neuron inputs and outputs. Two editors may

be used to set up the network, a physical editor to allow the setting of
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parameters on a particular chip and a logical editor to set chip parameters
according to a symbolic description of the network. The network board is
controlled by a Programmable Array Logic (PAL) based controller, supervised
by a PC microcomputer. Chip-in-the-loop learning is performed using outputs
sampled from the network. A prototype system implementing 72 neurons has
been reported, consisting of 99 chips fabricated using a 2pm CMOS process,
assembled on three boards. The network has been tested on a variety of tasks
including the intended application in speech analysis. The system is being
developed in two ways. Firstly, it is intended to redesign the system for a
larger number of inputs per neuron so that a larger networks of over 1000
neurons will be possible. Secondly, software is being developed to allow

network compilation from a logical description, including automatic placing

and routing of network modules.

This idea has an advantage in its inherent modularity at the chip level, which
gives it flexibility over a single chip design, and there is room for
improvements with a scaling down of technology. On the other hand, the
overall network architecture must be decided before the modules are placed
and routed. Interconnectivity is better than the AT&T chip, but the weights
resolution is somewhat limited by the use of only 6 bits.

The Intel Electronically Trainable Artificial Neural Network (ETANN) chip is
a single chip solution as is the AT&T one, expandable to a multichip system.
The design consists of 64 ncurons which have 64 direct analogue inputs and
64 additional feedback inputs. Two synapse arrays are used, with a synapse for
each of the two types of input to every neuron, and 16 internal bias weights
in cach array giving a total of 10240 synapses. All the synapses are analogue
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floating gate EEPROM cells with 6-bit typical resolution performing four-
quadrant analogue multiplication of input voltages to give output currents. The
64 neurons are implemented as 64 current summers and 64 sigmoids. Weights
are programmed serially by address using multiplexors. The chip has 64
analogue outputs. Training is accomplished by off-chip learning, and chip-in-
the-loop learning for fine tuning based on Widrow’s Madaline Il algorithm.
Off-chip training using an accurate software model is carried out initially
because of the long training time for EEPROM cells and their degradation with
repeated write cycles, and because weights may only be trained serially. Fine
tuning is necessary to optimise the weights for a particular chip, since no chip
will be identical because of process variability. The chip was fabricated using
a 1lym CMOS process in a 208 pin package. The prototype system is based on
an eight socket board interfaced to a PC. The chip may be used in two modes,
depending on whether the feedback array is to be used in a recurrent network

such as the Hopfield net, or as a second synapse layer in a multilayer

feedforward net achieved by multiplexing the neuron layer.

The Intel chip has the advantage of maximum parallelism for the 64 neurons
available, making it fast in the the recall phase. Most of the I/O pins are used
for direct inputs and outputs of the 64 neurons. The full connectivity is not

scalable to the multiple chip system but direct connections between chips
avoids an J/O bottleneck. The chip is not at all optimised for learning.

Comparing the three implementations, some common strands are noticed.
Firstly, all synapses are implemented as V-I converters, so summing is
performed on a single wire for a row of synapses associated with a neuron.

The neuron acts as a load to convert back to the voltage domain, All use chip-
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in-the-loop learning where the algorithm is performed off-chip, but outputs
from the physical chip are used in the calculations. This is required for
fabrication process invariance. All use analogue input and outputs to the
neurons, necessary to conserve pins. All suffer from limited connectivity to
some extent. All three systems require a digital host computer to control
learning and set network parameters, requiring external D/A and A/D
converters. The implementations are contrasted by their use of different
methods for weight storage, and their different approaches to modularity in

constructing a network from the chips.
In the next chapter, the problem of inter-chip communication is examined

further for analogue implementations, and the use of Frequency Division

Multiplexing is proposed as a technique for overcoming this.
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CHAPTER 3 - FREQUENCY DIVISION MULTIPLEXING
FOR ANALOGUE COMMUNICATIONS

In this chapter, a unique Frequency Division Multiplexing (FDM) scheme is
presented for communications in analogue neural networks. The concept and
its features are explained, in the context of electronic implementations where
a reduction in the number of chip pad I/Os is required. The choice of method
is justified in the context of other possible forms of modulation and
multiplexing schemes. A detailed theoretical analysis of the FDM method and
its comparison with Time Division Multiplexing (TDM) is made. The use of
overlap of FDM channels is proposed as a method for better utilising the
available bandwidth without causing degradation in neural network

performance, a hypothesis which this thesis aims to prove in Chapter 4.

3.1 Communications, Modulation and Multiplexing

Before continuing specifically with communications in neural networks, it is

helpful to consider the general criterion for deciding on a communications

scheme.

In standard information theoretic terms, a communications scheme consists of
an information source, a transmitter, channel, receiver and destination. Into the
channel are injected noise and distortion. The message is the original form of
the information which is converted by the transmitter into a signal of a form
suited to the channel chosen. After passing through the channel, the distorted

and noisy signal is decoded by the receiver into the destination message.
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With this framework in mind, it is possible to decide on a communications

scheme suited to the type of information to be transferred.

In a telecommunications application, the information will consist either of
digital or analogue waveforms which are interfaced to a physical channel. The
transmitter typically modulates the waveform, and the receiver carries out the
detection and demodulation. Multiplexing may be used to make the best use

of an available physical channel by allowing many different messages to use

it.

The suitability of a modulation scheme is determined by the form of the signal
and tradeoffs between power requirements, signal-to-noise power ratio (SNR),
and bandwidth availability, which will be different depending on the
implementation and the physical environment. In addition to these general
criterion, the cost and complexity of the interface and channel, and speed of

transmission must also be considered for a specific application.

Traditionally, communications involved direct modulation of analogue
quantities such as speech and visual information. Analogue channels are also
often used for purely digital information e.g. in modem telephone
communications. Conversely, with the present availability of cheap and fast
computation, analogue signals are being represented and processed more often
as digital quantities e.g. in digital tape, compact disc, and NICAM stereo, and
in future commercialisations of digital TV and digital video. Telephone
systems have moved away from analogue towards digital representations, since

the expense of more complicated modulation schemes is less than that of

analogue amplifiers and repeaters which are replaced by simpler and more
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reliable digital ones.

This trend has much to do with the predominance of digital technology for
integrated circuits and the use of optical fibres. The digital methods of
communications chosen complement digital processing to good advantage.
Now, with a re-emergence of analogue computation (especially in neural
networks) and advances in analogue VLSI techniques, analogue signal

communications deserves another look.

3.2 Multiplexing and Modulation Schemes for Neural Networks
To a great extent, the best multiplexing and modulation schemes to choose,

will depend on each other and on the form of the signal.

In analogue neural networks, the neural processing is analogue. At an instant,
this analogue quantity is most simply expressed as the DC value of a charge,
voltage or current. It may also be expressed as the amplitude, frequency, or
phase of a sinusoidal waveform, where conversion to these arc by the
respective AM, FM and PM modulation schemes. Alternatively it can be
expressed as the amplitude, duration, position, width, or rate, of a pulsed
waveform, by respective modulation schemes PAM, PDM, PPM, PWM and
PRM. Combinations of these schemes are also possible. The final option

involves conversion to pure digital form by Pulse Code Modulation (PCM), or
Delta Modulation (DM).

Pulse-stream arithmetic for neural networks has been pioneered by A.F.
Murray et al of Edinburgh University"*'?, and is being developed by many
others. The paradigm is described as bringing together the simplicity of
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analogue processing and the robustness of digital communication. Three
methods of modulation have subsequently been seriously considered for coding
the neural state, using PAM, PRM and PWM. PAM has been rejected by the
Edinburgh group for communication because of its potential succeptability to
amplitude noise and distortion, although variable pulse height has been used
for multiplication. PWM and PRM use only digital levels. PWM codes the
analogue neural state as the width of a single pulse of fixed amplitude, PRM

as the frequency of a series of pulses.

More importantly, the pulse-stream work has attempted to address the real

problem of inter-chip communications necessary for the construction of
expandable networks with many neurons and synapses. Along with the pulsed
form of the signals, Time Division Multiplexing (TDM) is a suitable form of
multiplexing to be used for the inter-chip communications, in order to reduce
the I/O count. A conventional synchronous TDM scheme has been proposed
utilising a fixed time frame, split into slotted segments with each neural state
occupying the same slot in each segment™®. A novel asynchronous TDM
scheme has also been reported which converts the time difference between
pulses in 2 PRM stream to a single pulse with a width equal to this interval®®*,
Handshaking between chips is then used to transfer the pulse for each neuron
state in turn as soon as the previous pulse has been acknowledged, in a self-
timed manner. The pulse is then integrated to recover an analogue voltage
proportional to the width. The scheme also enables communication to several

chips by requiring all receiving chips to acknowledge before new data is
transmitted.

There are in general, however, some drawbacks to the use of TDM in neural
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networks. The first of these is the increase in transmission time with the
number of channels, which is linear for synchronous TDM, and proportional
to the average neuron activation in the case of asynchronous TDM. In order
to maintain the same throughput per neuron, this increase in transmission time
requires an increase in bandwidth. This is of course a problem for any
multiplexing scheme, and it can easily be proved through application of the
sampling theorem that the theoretical minimum bandwidth for TDM is the
same as that for FDM (i.e. when comparing PAM with Single Side Band AM).
However, some modulation schemes are worse than others in exacerbating the

increase in bandwidth requirement, especially when one or other of amplitude

or phase information is exchanged for better noise immunity or simpler
circuitry. The second is a loss of parallelism inherent to the sequential nature
of TDM, which counteracts the central idea of neural network processing.
Thirdly, TDM is not necessarily suited to analogue processing if pulsed
modulation is not used, for example in a network where neurons perform the

direct sum of current values.

Frequency Division Multiplexing (FDM) is the other main form of
multiplexing in communication systems. Whereas in TDM signals occupy the
same frequencies at different times, in FDM the signals are transmitted at the
same time but at different frequencies. This makes FDM an inherently parallel

communication scheme, with no synchronisation required between signals

during transmission.

Two main forms of modulation are possible; amplitude modulation, and angle
modulation which encompasses both FM and PM. Of the two, amplitude
modulation is the most bandwidth efficient, but is subject to amplitude noise,
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and cannot be broadbanded to increase the SNR. Angle modulation generally
requires a much higher bandwidth, but the SNR may be increased by
broadbanding according to the modulation index. Since the amplitude does not
carry any information, amplitude noise is not such a problem. Furthermore,

angle modulation generally requires more complex transmitters and receivers

than amplitude modulation.

Of the two FDM modulation schemes, it is proposed to use an amplitude
modulation method for neural network communications, for the following

reasons. Bandwidth efficiency is important if a largest number of signals are
to be multiplexed, which must be the aim of any multiplexing scheme for

neural networks. VLSI circuits will generally be less complex and more
compact than those for angle modulation, which is important for the technique
since it would not be desirable for an excessive silicon area to be consumed
by the communications circuitry. In addition, some analogue VLSI techniques
for design of suitable on-chip filter and oscillator circuits are already well
established, as covered in Chapter 5, which is useful for initial investigations.
The trade-off against noise immunity is therefore justified. This is not to say
that FM or PM methods should not be considered in future work. For example,

it has been proposed recently that angle modulation be used in VLSI neural
networks for encoding and multiplying weights values™"),
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3.3 Frequency Division Multiplexing

The concept of the proposed FDM scheme for neural networks is shown in Fig
3.1. The neuron state modulates a unique carrier frequency generated by a
oscillator of constant frequency. The amplitude of the carrier represents the
neuron state which is retrieved by the use of a bandpass filter tuned to the

carrier frequency and a peak detector, together forming the demodulation

circuitry.
RECOVERED NEURON STATES
Bandpass Bandpass
Filter and _—— Filter and
Peak Detect Peak Detect
Frequency o, Frequency @,
A
Single FDM link
T
Frequency o, Frequency o
Amplitude Amplitude
Controlled - Controlled
Oscillator Oscillator
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Fig 3.1 Concept of FDM in a Analogue Neural Network
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It is necessary to define a specification for the communications scheme in
terms of bandwidth. For example, a neural network could be used to process
continuous real-time acoustic signals. For amplitude modulation of telephone
quality speech a 4kHz baseband bandwidth is needed, or 8kHz for good quality
speech. Full audio range requires a bandwidth of 15-20kHz. In these cases
therefore, filters used for demodulation must be specified and spaced according

to the source bandwidth.

At the other extreme, if information throughput is not such an important
criterion, the network may be allowed to settle for as long as necessary to
perform the correct mapping. This would be the case where the neural network
inputs are in the form of slowly varying input patterns. For example in an
application such as letter-to-phoneme classification from binary coded inputs,
real-time performance is achieved at a rate of about 1 input/output mapping
per 10ms, or a bandwidth of 100Hz. For such a small bandwidth, the
bandwidth allocation per neuron would then be defined mainly by the filter
‘characteristic rather than the source, and in particular by the quality factor, Q
and resonant angular frequency ,.

In both cases, the total bandwidth for the FDM channel is calculated from the
sum of the bandwidths of the individual filters. For ideal bandpass filters, with
vertical sidewalls as shown in Fig 3.2(a), this calculation is simple since it is
understood without ambiguity what is the value of each filter bandwidth. For
real filters, the filter characteristics must overlap to some extent as shown in

Fig 3.2(b). Crosstalk between channels is inevitable here, but the amount of
crosstalk depends on the degree to which the filter characteristics are allowed
to overlap. The conventional definition of filter bandwidth, between the -3dB
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points, is not a very useful one here, since significant crosstalk would occur
outside this region. This is the situation to be covered by the following
arguments. An additional parameter will be used, as well as Q, to specify the
total bandwidth of a bank of filters by the degree of permissible overlap.

Amplitude Response Amplitude Response
0, W, W @ O O, W o
Frequency Frequency
(a) Ideal Filters (b) Real filters

Fig 3.2 Amplitude Response for a bank of bandpass filters

Consider the standard transfer function for a 2-pole bandpass filter as follows,

H(s) = (@/Q)s / [s? +(/Q)s +f] 3.1)
where @, is the resonant frequency. The normalised amplitude response is,

A = @QWQ) / (- + (qwQY (3.2)
Rearranging equation (3.2) in terms of A(w) gives,

oo, = yA2-1)/40%+1 + J(A?-1)4Q? 3.3)

Equation (3.3) describes the two frequencies @ (either side of the resonant
peak) at which the gain of the filter is A, compared to the unity response at .
Thus, any signal of frequency outside this range will be attenuated by an
amount smaller than A. If the frequency responses of a bank of adjacent filters
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are overlapped so that the centre frequency of each successive filter coincides
with the frequency at amplitude A of its nearest neighbours, then the amplitude
A can be described as the fractional overlap for the bank of filters. Since this
overlap parameter is by definition a constant for the bank of filters, it is best

denoted by a different symbol, €.

The number or ’density’ of filters per octave is then given by,
n =log2 / log(wm) 3.4
where the positive root of equation (3.3) is used. Figure 3.3 shows the Q

dependence of equation (3.3). It can be seen that the same filter density can

be obtained for lower values of Q if the value of fractional overlap is allowed
to increase. Alternatively, higher filter densities can be obtained for a particular

Q by increasing the overlap.
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Fig 3.3 Filter Density vs. Fractional Overlap for a Bank of Second
Order Filters, showing Q dependence.
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Similar curves are obtained for higher order filters. Fig 3.4 is the
corresponding set of curves for a commercial switched-capacitor filter MFS8,
calculated from the transfer function for a fourth order Chebyshev

implementation as specified in the manufacturer’s data sheet®,
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Fig 3.4 Filter Density vs. Fractional Overlap for a Bank of MF8 Fourth
Order Chebyshev Filters, showing Q dependence.
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The previous theoretical analysis is independent of the low and high frequency
cutoffs of the FDM channel and these must also be specified. The highest

frequency is technology dependent. The lowest frequency is determined by the
throughput required.

At best, an interval equal to one cycle of the lowest frequency is required in

order to obtain the amplitude of any signal using a peak detector. Information
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throughput is, however, also limited by the transient response of the system,
notably by filter settling time. For a second order system stimulated with a step
input, it is well known that the 5%, 2% and 1% settling times (specified as a
percentage of final output) are approximately given by 6Q/w,, 8Q/®, and 9Q/w,
respectively. It can thus be seen that in addition to frequency, Q is also an
important factor for specifying transient response. In particular, it is noted that

bandpass filters with high Q (good selectivity) have the slowest transient
response, which introduces a trade-off of throughput with filter density.

Up to now it has been assumed that we are dealing with a linear system. Non-
linearities are introduced in analogue computations and communications by the
non-ideal behaviour of the system elements, such as amplifier non-linearities.
Intermodulation distortion, which causes signals from one frequency band to
appear in others, is the main symptom of this, and, as is the case with any
non-linear system, the effects are difficult to analyse. Non-linearity should

therefore be avoided as far as possible in the design of the system elements.

Having introduced the ground-rules for FDM communications, the next section

describes a generic neural network architecture using the technique.
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3.4 Neural Network Architecture utilising FDM.

The proposed architecture for a prototype 4x4 (4 input, 4 neuron) layered

analogue neural network utilising FDM consists of four functional blocks A,
B, C, and D, shown in Fig 3.5.

FDM Signal Output
Block A
Modulation
KEY
© Osillax
1 /" | Threshold
Block B () Maliple
Neurons @ Summer
HESE VA S S —
m Detector
1 o Bandpass
c S | Filter
Block Waight
Synaptic o ®  Stomge
Weights (+HX Sum of products
Array &
060 shown here for
°Qo one neuron only
(%)
s
Block D
Demodulation
PD PD PD PD
| | | |
L [ [ ]

*

FDM Signal Input

Fig 3.5 4x4 Neural Layer Utilising FDM
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Block B contains a bank of neuron body elements which performs the
sigmoidal thresholding of analogue values from the weights array, Block C.
Each output from B forms the input to the modulation block, A, which is then
multiplied by a carrier generated by an oscillator of fixed frequency, using a
different frequency for each neuron. Block D contains a bank of bandpass
filters and peak detectors, comprising the demodulation circuitty. The
demodulated signals from D are then passed to Block C which performs the

sums of products.

Although details specific to electronic implementation are covered in Chapter
S, it is useful to stress the advantages of using current summing of the
unmodulated synapse outputs, and voltages for the modulated signals. Current
summation simplifies the weights array since the sum-of-products processing
for each neuron can be achieved on a single wire. The internal detail of Block
C in Fig 3.5 shows this for one of the neurons. Voltages, on the other hand,
are more easily distributed to multiple chips. The neuron body is therefore best

implemented as a I-V converter, as used in all three of the implementations
discussed in Chapter 2, Section 2.2.6.

Blocks ABCD could be implemented as a single module, with the FDM input
and output channels being available as the only external connections. It can be
seen that the modulated output is easily distributed to the inputs of similar
modules if the same frequencies are used for A and D. Altematively, the
system could be implemented as separate blocks, which would increase
flexibility at the expense of an increase in the number of external connections.
In this case it would be possible to increase the number of inputs to a neuron,

by current summing of the outputs of multiple copies of Block C into Block
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B. In any case, the first layer of weights in the neural network requires direct
inputs into block C. It would therefore be necessary, in the single module
implementation, to use a separate input module without the demodulation

circuitry. The final outputs are also required in unmodulated form which would
also require a different output module.

It is not the intention of this thesis to design a fully operational neural
network, but rather to concentrate on the FDM communications technique.
Thus, for the purposes of this work the system is kept divided into its separate
blocks as described, and efforts are prioritised towards the specification and
prototyping of the communications circuitry i.e. blocks A and D. It is intended
that the communications circuitry may be integrated into an existing

experimental board level neural network, for future testing purpose.
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3.5 Comparison of FDM and TDM

Although qualitative and quantitative comparisons of FDM and TDM are made
in many communications textbooks, it is difficult to make a fair comparison
for specific system implementation constraints. The following analysis attempts
to make a comparison of the bandwidth and power consumption of electronic
implementations of FDM and TDM communications by defining two building
blocks which can be used in either system. These are a voltage controlled
current source (transconductor) of maximum transconductance G, and a
minimum size capacitor C. In addition a maximum supply voltage of value V,

is specified. The use of a transconductance element is justified by the fact that

it has been chosen as a neural network building block by many designers,

(including the author) since it performs the desired voltage-to-current

transformation.

In order to compare the two implementations for the optimal bandwidth, a
PAM channel is chosen for the TDM system. For the FDM system, an AM
channel is used. The comparison is carried out for communicating N analogue
values V,, across a single wire, which are present in parallel as analogue

voltages at the input of the system and must end up as parallel voltages V.,
at the output.

Considering first the TDM system, the analogue voltages are transmitted in
sequence as pulses with height V,, not greater than V,, and of fixed width .
The transconductor and capacitor are used in a sample and hold configuration,
one for each signal, with final output voltages V_,. Since V./t=V/C, and
I=GVy, the total time for TDM transmission of N signals, Nt, is given by,

48



CHAPTER 3 FDM FOR ANALOGUE COMMUNICATIONS

cV
T = N _ 2 3.5
i = v (3.5)

in
where V,/V,, is the ratio of the final output voltage and input pulse height,

which is a constant value for all pulses since it is dependent only on the pulse
width.

For minimum transmission time, it makes sense to choose a small V/Vy, so
that the output does not have to ramp for too long. This must be traded off

with the noise immunity of the output which is best for large V /Vy,. The total

power consumption for the communication is (in the worst case with V,=V,),

P, =NkGV? (3.6)

where k is a proportionality factor depending on the number of current mirrors
in each transconductor. The driver power requirement is assumed negligible in

comparison, a fair assumption for a transconductor with high input impedence.

For the FDM system, is it necessary to consider the allowed frequency range.
For a typical second order filter constructed from transconductors and
capacitors, the maximum angular frequency attainable is G/C, and the quality
factor can be determined by the use of a smaller feedback transconductor (for
an example of this see Chapter 5, Fig 5.4). For a similarly constructed
oscillator, the highest frequency of oscillation is also G/C, and feedback
controls the oscillation condition. The low frequency limit ®,, can be
determined by summing the bandwidths of the N filters starting from
@p,=G/C. This is done by iterating equation (3.3) with A=¢ (using the
negative root since the iteration is carried out for decreasing w. The iteration

is started with @ =, then ©, is replaced by the calculated w at each iteration.
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The resulting equation is,

AN -1

a. = (610 Ve Eg~T - Je=-oagr) @D

Thus, the maximum period T, is given by 27t/Wy,

Y 38)
T, = 2z (C/G) Ve—DagT1 + Je@-Dag?) '
here using the fact that the two roots of equation (3.3) are reciprocal to change

the sign from - to + when the reciprocal of equation (3.7) is used.

In the worst case, for a step increase in amplitude, the 1% settling time T,

for the bank of filters is 9Q/m,,. So the worst case total transmission time for

FDM, Ty, is approximately given by the sum of T, and T,

I, = x +90)  /6) V& Dag™=T + & agT) 69

Equation (3.9) is minimised by choosing the value of overlap, €, and
optimising Q for the required number of signals, N. Clearly, increasing &
reduces T, independently of Q and N, so the overlap should be as large as
allowed by the system. The effect of increasing or decreasing Q is not as
straightforward since it has opposing effects on rise time and filter density.
Minimisation of equation (3.9) is difficult to carry out analytically, but from
qualitative and numerical analysis it can be shown that for a 1% overlap
(e=0.01), and a range of values of Q (10-50), the value of T, increases
rapidly as Q is decreased and/or as N is increased, and is approximately
proportional to Q(Qe)'™ for the smallest Q. (Note that this approximation is
valid because (Qe)<1 in these cases). For larger values of & (0.1-0.3), the
value of @, is much less strongly dependent on Q and thus a minimum T,,_

occurs when the rise time term begins to dominate. For the largest values of
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¢ and Q in the above ranges, Ty, is approximately linearly proportional to
both N and -Q.

The total power consumption of the system of N filters and oscillators is,
N-1

P, =2nkV’ Y G, (3.10)

i=0

where n is the number of transconductors in each filter, and G, is the

transconductance value required for each frequency, as follows,

G, = ¢WET-DEgT+T - Je=-nAgr) G

Lower frequencies require smaller transconductance values and therefore less
power (since the frequency G/C is lowered by reducing G with constant C).

The factor of two in equation (3.10) assumes the use of similarly constructed
oscillators and filters.

It is necessary to put some figures into the above equations to obtain some
realistic timings and power consumption for the two implementations. The
minimum pulse width for PAM is usually specified as 0.5/B,, where By is the
baseband bandwidth for the technology™”. For a typical technology bandwidth
of 10MHz, this gives a value of t=50ns transmission time per signal. If N
outputs are to be added together as might be expected in a neuron, it is
reasonable to arrive at a figure of V,/V,, = 1/N, so that the total output would
not exceed the supply even if each of the V,, were equal to V,. This assumes
a situation where synapse weights are limited in the range [-1,1] so that the
largest possible sum-of-products is NV,. For a larger weight range V /V,
would have to be proportionally smaller.
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Fig 3.6 Transmission times for FDM channels vs. Number of Signals, N for
various € and Q (individual FDM plots are labelled FDM(g/Q) ).

Accepting these assumptions and using a minimum capacitance of 10pF, a
value of G=200pA/V would give the required drive for TDM. Using the same
G and C in the FDM implementation, a ®,,, of 20Mrads/s (3.18MHz) is
obtained. Substituting these values in equation 3.9 and plotting the values of
T, against N for different values of & and Q, yields the graph shown in Fig
3.6. Each line on the graph for FDM is labelled FDM(e/Q), and the lower plot

of the corresponding TDM plot is also shown for comparison.

For £=0.01, Q=20, equation (3.9) gives an FDM transmission time of 1.3ms
for 4 signals. In comparison the TDM system requires only 2ps. Increasing the
Q to S0 reduces the FDM time to 320ps. However, doubling the number of
signals to 8 increases the FDM transmission time by several orders of

magnitude, whereas TDM time is only doubled. However, if € is allowed to
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increase to 0.1 with Q remaining at 20, the same 4 signals are transmitted in

20ps, and 8 signals in 50ps. For €=0.3 this is reduced further to 10us for 4
signals, and only 16ps for 8 signals.

Comparing the timing for a larger number of signals, for example 40, TDM
takes 20ps, and FDM with £=0.3 and Q=20 takes 200ps. Whilst still an order
of magnitude larger than the TDM transmission time, this is much more
practical than a scheme which requires minimal overlap. FDM is simply not
realisable with €=0.01 for this many signals.

For the value of G chosen above, a supply of 10V, and a typical value of k=3
current mirrors per transconductor, the power consumption for the TDM
communication is 60mW per signal. For FDM the power consumption is
360mW for the highest frequency signal, using a value of n=3 transconductors
per filter and oscillator. Subsequent power consumption values depend on the

number and spacing of the lower frequencies. For €=0.3 and Q=20, the next
3 values are 332mW, 307mW, 283mW.

The conclusions of this comparison of FDM and TDM can now be made as

follows.

PAM/TDM appears to have certain advantages over AM/FDM in terms of both
bandwidth and power consumption. For FDM, deliberate overlapping of second
order filter responses is necessary in order to achieve a practical transmission
time which is an order of magnitude longer than that for TDM in the above
analysis. Power consumption from the calculations is about 6 times greater for

FDM, although this figure is variable, depending on overlaps and quality
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factors.

FDM has the advantage of being asynchronous and continuous time i.e. no
clock is needed in principle. However, it may be desirable in practice to use
a clock to delay the computation of the received signals until after the settling
time has elapsed. If this is the case, it is hard to see an advantage to using
FDM in this way, since this is not much different than waiting for all TDM
signals to appear at the output.

From the theory developed above, it is clear that practical FDM bandwidths
are achievable only if overlapping of filter responses is allowed, or if large
values of Q are used. It has been shown that increasing Q is not always the
correct solution, since this also has a detrimental effect on settling time.
Furthermore, electronic implementations of high Q circuits suffer from high
sensitivity to component values, which causes problems in matching oscillator
and filter centre frequencies. Also, high Q circuits generally use large ratios
of component values which often translates to large chip area requirements in

VLSL For the same reasons, the use of higher order filters is not desirable.

It is, however, reasonable to propose that the errors introduced by overlapping
filter characteristics will be compensated for when FDM is implemented as
part of an adaptive system such as a neural network, and therefore that larger
overlaps may be permissible than those required in straightforward
communications applications. This hypothesis requires proof, which is the

subject of the next chapter.

In defence of FDM, it should be stated that it has been necessary in the
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analysis of this chapter to present the worst case scenario for FDM
communication in comparison with TDM, so as to justify the scheme in a fair
manner. In practice however, the FDM implementation constraints may not be
as great. If filters are not subject to step changes of input amplitude, the
settling times will be less than calculated. For slowly varying inputs settling
time is not such a problem, and since it is the settling time which dominates
the overall transmission time, this would be greatly reduced. As for TDM,
alternative implementations may introduce additional problems. if PWM is
used instead of PAM, the pulse widths must be greater for two reasons. Firstly,
width information is being used to code the neural state, so it is the maximum
(or average, for asynchronous PWM) width rather than the minimum width
which determines the transmission time. The minimum width itself must also
be greater so as to preserve sharp pulse transitions i.e. ’fine’ pulse
reproduction. The 0.5/By rule used for PAM does not apply to PWM since this
estimate ensures only ’coarse’ pulse reproduction®”, Typical pulse widths
quoted in the literature are microseconds rather than nanoseconds. The same
arguments apply to PPM. The minimum width can be used for PRM, but in
this case, several pulses may need to be used in order to compute the rate.
Thus, the difference between transmission times for FDM and TDM may not

be as great as that predicted by the above analysis, depending on the form of
modulation employed.

In conclusion, the results from the analysis show that FDM can be justified as
a method of neural network communications, if overlap errors are proved not
to be a unsurmountable problem. The following chapter will show that

tolerance to overlap errors is indeed a feature of neural networks.
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CHAPTER 4 - SOFTWARE SIMULATIONS

This chapter describes in detail the software implementation of a multilayer
perceptron (MLP) neural network, in which the usual model is modified to
incorporate the effect of overlap of neuron activations in the forward pass. The
software design is presented as a set of structured Warnier Diagrams, which
implements the MLP using floating point arithmetic, and training using the
backpropagation algorithm. This model is then modified further to include the
effect of weight quantization, and to allow a comparison of results with the
alternative weight perturbation training algorithm. The rest of the chapter is
devoted to simulations using the software. It is shown, using results from
various applications, that the neural network is remarkably tolerant to overlap
errors, confirming the hypothesis of the previous chapter. The first application
involves backpropagation learning of the 3-bit parity problem with various
degrees of overlap, using floating point weights. The second problem is text-
to-speech conversion based on the well known NETtalk application, which is
used to investigate the effect of overlap when weight values are quantized. The
third problem compares the learning of 5-bit parity using backpropagation and
weight perturbation algorithms, with varying degrees of overlap and weight
quantization.

4.1 Multilayer Perceptron Networks - A Brief Overview

The percepwron was a neuron-like adaptive element invented by Frank
Rosenblatt in 1958, followed two years later by a method of training called the
"perceptron rule’ which used the difference between target and actual binary
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outputs in such a way as to reduce that error'*"). Rosenblatt also introduced the
important idea that neural network information is stored in the connections (or

associations) between simple processes.

Later in 1960, Bernard Widrow and Marcian Hoff proposed a similar structure
called an adaline'? (shown in Fig 4.1), which performed the sum-of-products
of binary input values (+1) with corresponding variable weight values (or
’gains’). A bias gain with constant input was added, and the output was
obtained using a hard-limiting threshold which quantized the final sum to 1.
The adaline could thus be used to classify binary input patterns into two

categories.

*1|-— OUTPUT
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o /%"‘ Z — . > q
|

LMS LEARNING Eror [/
ALGORITHM _—<2)
"1 ADALINE
nasnm*dk
OUTPUT

Fig 4.1 Adaline with LMS Learning (After Widrow and
Hoff)

Widrow and Hoff also introduced a novel supervised learning algorithm which
trained the adaline to classify patterns from given data by adjusting the weights

according to the size of the linear error at the output of the summer before
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quantization. This algorithm was shown to be equivalent to minimising the
mean squared error for all patterns, and is thus commonly called the Least
Mean Squares (LMS) algorithm. Other common names are the Gradient
Descent Rule, Delta Rule or Widrow-Hoff algorithm.

The modern perceptron is essentially the same as the above, but some use
linear or smooth non-linear output functions rather than the hard-limiting

quantizer, and may or may not be limited to binary inputs.

It became clear also that by applying the same input vector to several neurons,
with different weights, a vector output could be obtained. This was introduced
in the Madaline network™*,

Multilayer perceptron networks™ are an extension of these ideas. Single layer

perceptron networks can only correctly classify linearly separable sets of input

vectors, which was recognised early on as a severe limitation*". By
connecting the outputs of a layer of neurons to the input of the next, a
multilayer network is obtained which gives an extra dimension. The network
now has two layers of neurons and weights, a "hidden’ layer and an ’output’
layer, and is usually called a two layer network. Networks with multiple
hidden layers are also possible. It can easily be proved that only MLPs with
non-linear hidden neurons are worth constructing, since a multilayer network

with linear hidden layers can always be reduced to a single layer network.
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Fig 42 Two Layer Perceptron Network

Fig 4.2 shows a two layer perceptron network, with L inputs, M hidden layer
neurons and N output layer neurons. The output function F is the sigmoidal
non-linearity, or logistic function 1/(1+€™) which limits the output range
between 0 and 1. The inputs and outputs of each layer for a particular pattern
p are denoted by y,; for the inputs to hidden layer (1<i<L), y,; for the inputs
to the output layer (1sjsM), and y, for the final outputs (1<k<N). The
corresponding signals into the sigmoidal function are denoted by x,; and x,,.
The hidden layer weights are denoted by w;’ and the output layer weights by

w,/ and the corresponding threshold biases are 0, and 6/, at iteration ¢.

4.1.1 The Backpropagation Learning Algorithm

The problem with training multilayered networks with a supervised learning
algorithm is that the output values of the hidden layer neurons are not
specified in the training data, so the errors in the hidden layer cannot simply
be specified as the difference between the actual and desired responses, and so
the required weight changes cannot be found directly. The Backpropagation
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algorithm of Rumelhart, Hinton and Williams™* (also claimed to have been
discovered independently by Werbos and later by Parker'”) was a real
breakthrough in that it enabled the training of hidden layer weights by
calculating the error terms for the hidden layer as a weighted combination of
the errors from the output layer. This is the *backpropagation of errors’ which
gives the algorithm its name. The process may be carried out repeatedly to
train networks with larger numbers of layers. The algorithm is often called the
generalised delta rule, since it can be seen as a extension of the single layer
delta rule. However, it should be noted that unlike the single layer algorithm,

backpropagation is not guaranteed to find the global minimum error, because

local minima may also exist.

Fig 4.3 describes the steps of the backpropagation algorithm. It consists of two
phases, a recall phase (or forward pass) in which an input is presented to the
network and the actual outputs are calculated, and a learning phase (or
backward pass) in which the errors are calculated and the weights adjusted.
The weight changes for each neuron are determined by multiplying the
corresponding inputs by the error term & (constant for that neuron at iteration

?) and a learning rate T (constant for the entire network).

In this description of the backpropagation algorithm, each step in the algorithm
is repeated for all neurons in that layer before proceeding to the next step.
When the two phases are completed for one input pattern, the process is
repeated until each pattern in the training set has been presented. This is one
training epoch. In this work, weight updates are made after each pattern is
presented. Alternatively weights changes may be accumulated over several

patterns, or over the whole epoch, before the updates are made.
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Expressions for the total number of additions and multiplications used in each
stcp were determined, which are used later to optimise the software
implementation of the algorithm. These are shown alongside the algorithm
steps in Fig 4.3.

Fig 4.3 The Backpropagation Algorithm

(a) Recall Phase
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Fig 4.3 The Backpropagation Algorithm (continued)

(b) Learning Phase
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A modification to the basic backpropagation algorithm (also introduced in'*")
involves the addition of an ’acceleration’ (or momentum) term to the weight
update equations which is usually a fraction of the weight change from the last
epoch. The weight change equation becomes;

witl = w8y + a@Ww-wtl)
where o is the momentum. Momentum can speed up training by biasing the
current weight change in favour of the last weight change. This effectively acts

like a low pass filter on small fluctuations in the weight step at successive
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iterations.

In general, backpropagation suffers from very slow (or lack of) convergence,
and the performance can be greatly affected by the choice of learning rate,
momentum, and the actual random weights chosen. Network paralysis and
local minima are also potential problems™®, although the latter seems not to

be as serious as was once feared.

For these reasons, many variations of backpropagation have been proposed and
research in this area is still very active. None, however, appear to have become
accepted as the best approach for all problems. Recent publications have
shown some advantage in using symmetric inputs and activation functions such
as the hyperbolic tangent**!%, However, the bipolar nature of the inputs and
outputs may cause problems in some hardware implementations. Furthermore,
it does not allow the use of the optimisation methods to be proposed in Section
4.2. Most other variations use second derivatives to optimise the size of the
weight changes*!"¥, which is equivalent to using a dynamically varying
learning rate. In these cases, learning speed (in terms of number of epochs)
and convergence tends to be improved over the standard backpropagation.
However there is a trade off with the increase in computational complexity,

and increased storage requirements which are not beneficial for hardware

implementations.

4.1.2 The Weight Perturbation Learning Algorithm

In the backpropagation algorithm, weight updates are calculated analytically
by use of the chain rule, starting with the error at the network outputs and

working back to find the gradient of the error with respect to the neuron
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weights. On-chip implementation of backpropagation learning in Analogue
VLSI is made difficult by the need to ensure sufficient accuracy in the
modelling of the algorithm, in the face of process variations. This may limit
successful implementation of backpropagation to a chip-in-the-loop training
type strategy, as proposed for use in this thesis. However, it is useful to
consider other algorithms where a fully on-chip neural network may be
required.

In weight perturbation*®, weight updates are calculated by changing each
weight value by a small amount, and examining the change in Mean Squared
Error (MSE), AE,, at the outputs. If the perturbation, Az, is small enough, a
good approximation to the error gradient, AE /AT, is obtained directly, and the
algorithm has been shown to work well with larger perturbations''®. This has
an advantage for on-chip analogue implementation, since it is not necessary to
know the exact form of the sigmoidal transfer function, nor need the function
be the same for each neuron. Therefore the algorithm is likely to be more
tolerant to process variations. Furthermore, the number of steps in the
calculation of a weight change are reduced, so that any inaccuracies in one

step are not amplified to the extent they would be in an algorithm with more
steps, like backpropagation.

The main disadvantage of the algorithm is the number of times the simple
steps must be repeated - once for each weight in the network at every iteration.
In particular, a recall phase must be repeated for each weight perturbation in
order to calculate the new MSE, which is particularly intensive in sequentially

processed simulations.
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The learning phase for weight perturbation is shown in Fig 4.4, together with
the total number of multiplications and additions for each step. Note that it is
only necessary to find the Sum Squared Error (SSE), since division by the
number of outputs N and multiplication by % can be carried out during weight
update, effectively incorporating them into the learning rate ie. -AE=
(M/2N)(S,-S,’). The total number of weights and threshold biases is denoted in
Fig 4.4 by W=M(L+1)+N(M+1).

Fig 44 The Weight Perturbation Algorithm Learning Phase

See Fig 4.3(a)
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4.2 Software Requirements for Simulation of Overlap in the MLP

4.2.1 Incorporating Overlap into the Standard MLP Model

It is possible to approximate the band overlap which occurs in demultiplexing
a frequency division multiplexed channel by mixing a proportion of the signal
from the adjacent bands into each band. This is incorporated into the standard
multilayer perceptron model using the fractional overlap parameter defined in
Chapter 3, which is multiplied by the activation of each adjacent neuron, and
then the two values are added to the activation of the central neuron before

multiplying by the weights, since in the proposed hardware system the weights
array is after the demultiplexing.

Thus, the recall phase is modified as follows;

M
= ¢ '
Y = j_fiwg(ypj+ey,,j_,+sy,j,,) + 8

where y,, and y,,, are made zero to account for overlap at one side only at
the ends of the layer. € is the fractional overlap which can range from O (no

overlap) to 1 (full overlap). For €=0, the software will implement the standard
multilayer perceptron architecture.

4.2.2 Computer Hardware and Software Considerations

Calculations in neural networks are by their nature computationally intensive
and require a large amount of storage for weights and neuron activations. For
small networks, a PC based system may be appropriate, but for larger
problems a mainframe solution may be required. The PC implementation is
often limited by a 64k segmentation of memory to ensure 8086 microprocessor
compatibility, and so large data structures cannot be defined easily. Neither is

it feasible to use disk storage and process the network data in blocks, because
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disk access would slow down the system. Both the backpropagation and weight
perturbation algorithms require all weights to be available at each iteration, and
if momentum is used weight changes from the last iteration must also be

available in memory.

It was decided to develop the software on an IBM PC to take advantage of the
good quality editing and debugging facilities, but to reserve the option of
porting it to a VAX mainframe as required. The high level language Pascal
was chosen for the programming since it is well supported on both systems

and is portable enough to be transferred between systems with only minor

modification. Borland Turbo Pascal®'” was used for the PC software
development and smaller networks, and VAX Pascall*'® for the larger
networks. In the later simulations involving weight quantization and weight

perturbation, a C language version of the software was also developed, for use

on Sun platforms.

4.2.3 Data Acquisition and Storage

The software system consists of the neural network program and its training
and weights data files. The program works most efficiently with all the data
stored in global memory arrays which can be loaded from disk files just once
at the start of the program. It was decided to store the training data as ASCII
text, so that it could be generated by different computers and ported by
network to the program location. The data is efficiently stored as alternate lines
of input-output pairs separated by NewLine characters. This is a particularly
compact form of storage for the binary training data which is used for the two

applications in this study. Weights are continuous so must be stored as floating

point real numbers for compactness. Two weights files were specified, one
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with the initial weights which can be random or from a previous training
session, and one working weights file. This enables the network to be trained
several times with the same initial conditions, and thus compare the effects of

varying degrees of overlap with the same starting point.

4.2 .4 Network Parameters

The parameters required by the backpropagation algorithm are the learning rate
and momentum, which can be varied according to the application. The weight
perturbation algorithm also requires a learning rate (momentum was not
specified for weight perturbation, since it is unlikely to be used in an on-chip
implementation). Some work has been done in an attempt to eliminate the need
for user input of the learning rate™'%), however in most applications the optimal
value is found experimentally. In addition, other parameters are needed to
initialise the network and monitor the learning. Unless existing weights are
available, the network must be initialised with small random values. The range
of these weights also depends on the application and size of network, but

typical values from the literature range from 10.01 to +1, with smaller ranges
used for larger networks.

It is also necessary to define a performance metric in order to decide when to
stop the training process. Since both learning algorithms act to minimise the
MSE, learning can be stopped when this error reaches a specified minimum
value. There are a number of problems with this approach, particularly for
classification problems. Firstly, because the error is averaged over all the
output neurons, some neurons may be more in error than others and so a large

error in a few neurons may be masked by lower errors in the majority.
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Secondly, the error is averaged over all input patterns which does not allow for
the potential of some patterns being more difficult to learn than others. It is
thus not always clear what is an acceptable minimum error. The calculation of
the sum-of-squares is also a computationally expensive process, especially
since it must be carried out at each iteration. It is noted that the MSE still
needs to be calculated for weight perturbation. However it is advantageous to
use the following method in addition, since it allows simple comparison of the
different algorithms, but introduces little computation in excess of that required
for the MSE.

It was decided to use a different metric which is clearer to analyses and
cheaper to compute. An output activation tolerance was defined for the output
neurons, similar to that suggested by Rumelhart et al*®! where it was used to
help limit weight values. This is defined here as the difference between the
desired binary output activation used for the training, and the actual analogue
output activation which can be tolerated in a particular application. Learning
of a pattern is said to be complete when all neurons have been trained within
that tolerance. For example, using an output tolerance of 0.1, the neuron
activation would be correct if it was 0.9 for a desired output of 1, or 0.1 for
a desired output of 0. In this case 0.1 and 0.9 are the thresholds for correct
classification. Learning can be stopped when this condition is satisfied for a
given number of patterns, or prematurely after a given number of epochs. The
number of patterns learnt after each epoch can be calculated simply by
checking the outputs of the neurons at each iteration and comparing them to
the threshold. Therefore, squaring and summing operations are replaced by
comparing and counting operations. The metric also defines zero global error

relative to the threshold when all outputs are at or above threshold for all input
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patterns. Using thresholds in this way is also good for classification problems
because it allows selection of a margin of separation between classes. In
hardware implementations, it can also help to guard against noisy input data.
Use of a noise margin has also been suggested by Fahlman in his
backpropagation benchmarking studies, as an analogy with digital logic gate
thresholds™!¥. To incorporate these ideas into the software, the output
activation tolerance and the number of patterns to be learnt to this tolerance

are the extra parameters required.

After training, the network may be tested using data not in the training set.
The output response for unknown data will rarely be as clear-cut as for the
training set. Therefore two options can be used for recall of test set data.
Firstly, the same performance measure can be used as before but with the

option of increasing the output tolerance if desired. Alternatively, the neuron

with the largest response can be chosen whatever the value.

During learning, a2 whole host of values can potentially be monitored and
displayed, including the values of the output activations, errors, weights values,
number of epochs elapsed and number of patterns learnt. These should be kept
to a minimum to reduce the overall computation time. It was decided to allow
the amount of display information to be varied by the user. Output activations,
number of epochs, and number of patterns learnt, can be selected for display
frequency. Rather than displaying the weights in the program, it was decided
to save the working weights file to disk at specified intervals. Infrequent disk
access does not slow down the simulation to any great extent, and also guards
against computer power failure during long simulation runs since the software

can be restarted from the last saved weights files rather than the beginning. An
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extra program was used to display the weights files in a readable format, since

they are stored as real values rather than text.

All the above techniques can be used for any neural network simulator. In
addition to the standard parameters, a single overlap parameter is required to

specify the amount of overlap between neuron activations.

Combining the expressions derived earlier, the number of calculations needed
per iteration to train a L-M-N MLP network is (VMM+ML) multiplications and
(NM+ML+N+M) additions in the forward pass. In the backward pass the
number of multiplications is (3NM+2ML+2N+4M+2L) for backpropagation and
approximately (NM+ML)*+(NM)* for weight perturbation. The number of
additions is (WM+ML+N+M) for backpropagation and approximately
(NM+ML)Y*+5N(NM+ML) for weight perturbation. In addition there are (N+M)
sigmoid calculations in the forward pass which involve division and calculation
of exponentials. It can be seen that learning is more computationally intensive
than recall especially in the weight perturbation method, but that both
algorithms have to perform a very large number of calculations in both phases.

By examining the forms of the training data and the algorithms, it is possible

to reduce the computation time.

Firstly, if binary input data is used, it is not necessary to perform any
multiplications in the hidden layer during recall, and the sum-of-products is
calculated by simply adding a weight if the input is a 1, and ignoring the

calculation if the input is a zero. The computation is reduced to L comparisons
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and ML, +M additions, where L) is the number of 1’s in the input pattern.
The number of sigmoidal calculations in both layers may also be reduced since
the function saturates rapidly and is within SE-8 of 0 or 1 (or 1 bit in 24) for
inputs greater than +20. This procedure is also necessary to avoid floating
point overflow errors in calculating exponentials of large numbers. Thus, the
output is rounded safely to 0 or 1. It should be noted, however, that saturation
of neurons in this way is not necessarily desirable, since learning is very slow

for saturated outputs and is stopped when truncation occurs.

In backpropagation, a weight update is zero if either the output of the sigmoid

is truncated to zero, or if the input to that neuron is zero. The computation in
the backward pass is thus reduced to 2L, (M+1I) multiplications and L, (M+1)
in the hidden layer. In the case of weight perturbation, a change to any weight
connected to an input which is a zero cannot influence the MSE, so those
weights need not be trained at that iteration. Furthermore, it is only necessary
to perform a partial recall for any particular weight perturbation, especially for

weights in the output layer where only one neuron is affected by the change.

In addition, there will be a small reduction in computation due to the number

of saturated neurons in either the hidden or output layer, which will increase

during learning.

If momentum is used there is an increase in computation which cannot be
eliminated by the above techniques without examining extra data from
previous iterations. Therefore, no further savings are possible. The additional
computational overhead is one multiplication and two additions per weight

update, or (2NM+2ML+2M+2L) multiplications and the same number of
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additions per iteration. It would therefore be sensible to ignore these steps if

momentum is zero by the use of a comparison, especially if momentum is

rarely used.

4.3 Formal Software Design

Incorporating the above considerations, the software was designed using the

Warnier-Orr formal design methodology™*®,

Use of a formal methodology increases the speed of design, reduces errors, and
ensures that the code produced conforms to specification. In the Warnier-Orr
technique, the program is combined from a hierarchy of procedures separated
using braces ({), called sequence constructs. The exclusive-or (&) symbol, or
selection construct, is used to denote exclusive choices specified by the
program or user. Numbers in brackets denote the repetition construct, used in

the form (n times) for a loop and in the form (0 or n times) for conditional

loops.

The Warnier Diagram for the software design is shown in Fig 4.5, which
describes the original design implementing backpropagation using floating
point arithmetic. Changes required by the extension of the design to include
quantization and weight perturbation algorithm are explained later.

Pascal code was then written to implement the design. The program was
written as a set of procedures to conform to the Warnier diagram. The exact
code is not presented here since the program could be easily coded from the
Warnier diagram in any chosen programming language, or on a different

hardware platform. It was found that the PC version could be converted to the
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VAX version by modifying only the code for the file declarations, the
date/time function and the randomization function. Translation to C was
achieved by use of an automatic Pascal-to-C converter, followed by

optimisation of the code.

It was noted that the recall phase during learning is almost the same as that for
recall only. Therefore the forward pass was written as a single procedure to be
called either directly from the main procedure, or as a call from the learn
procedure, but the actual function is dependent on the origin of the call in

order to implement the differences between the two.
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Fig 4.5 Warnier Diagram of Neural Network Software Implementation
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Fig 4.5 (b),(c) & (d) Warnier Diagram (continued)
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Fig 4.5 (¢) Warnier Diagram (continued)
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Fig 4.5 (f) Warnier Diagram (continued)
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4.4 Simulation Results

4.4.1 Three Bit Parity using Floating Point Weights

The first simulation involved training a 3-3-1 two layer perceptron network
with the three-bit parity problem, using the backpropagation algorithm with
floating point weights. The training set consists of the eight three bit binary
input patterns and the corresponding desired binary outputs. The output neuron
has a desired output ’1’ if the number of ’1’s in the input is odd, otherwise the
desired output is ’0’. Training neural networks to learn parity has been studied
by numerous workers*# and it is therefore a good benchmark for testing a new
simulator, and for studying the effect of overlap on the learning performance.
It is a generalisation of the XOR problem and so it cannot be done with a
single layer network. It is a "hard’ problem because patterns differing by the

smallest Hamming distance (i.e. 1 bit), must be classified differently.

The network was trained with a learning rate of 0.5 and a momentum of 0.9,
as used by Rumelhart ez af*4. The network was trained to an output activation
tolerance of 0.1 of the desired outputs for all eight pattemns and learning was
said to be complete when all patterns were learnt. The number of epochs of the
8 input patterns was recorded for a set of 100 trials (ic. the network was
trained on the same problem 100 times) for each value of overlap used,
ranging from O to 1 at intervals of 0.05. Each trial was started with a different
random set of weights in the range +0.1. If learning was not complete by
10000 epochs, training was stopped and the trial was recorded as non-
converged. It is important to record the data in a way which captures the
overall effects of overlap on the learning. Some researchers have suggested
using the mean number of epochs of the converged trials as a measure of

network performance!**'’, This method has been criticised by Fahlman®' since
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it gives no indication of the overall performance, especially if convergence is
poor. Fahlman decided instead to restart unconverged trials after a certain
number of epochs with new random weights, and record the sum of the
number of epochs in all trials until convergence was reached. However, this
method is again not very good if the proportion of non-converged trials is very
high as it may be for a large overlap. It was decided therefore to include the
10000 epochs for each non-converged trial in the calculation of the mean to
give a fairer weighting to trials with higher non-convergence, and to record the
number of non-converged trials separately. All the information can be

contained on a single graph shown in Fig 4.6, with the number of non-
converged trials in brackets.

Mean No. of Epochs for Convergence /1000
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Fig 4.6 Leaming Time vs. Overlap

As a general trend, the number of trials which did not converge is seen to
increase with increased overlap. The percentage of failures is insignificant for

an overlap up to 0.3, where it is seen that even without overlap the network
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may still not converge to the required solution. The larger percentages of
failures are apparent for overlaps above 0.5.
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Fig 47 Learning Time Distributions for Varying Degrees of Overlap

Fig 4.7 shows in more detail, the distribution in the number of epochs needed
for convergence for the 100 trials, shown in groups of 500 epochs. Each group
of bars shows how the percentage of total trials requiring a specific range of
epochs varied as overlap was increased. The first group of bars shows the
percentage of trials which required between 500 and 999 epochs to converge,
which are seen to first increase, then decrease as overlap was increased from
0.1 to 0.7 at intervals of 0.1. The second group shows a similar variation.
Examination of the other groups reveal that as overlap is increased, there are
a small number of trials which require an increasingly larger number of epochs
to achieve convergence. For example at an overlap of 0.5, a sizable proportion

of the trials required between 1500 and 2999 epochs to converge, and at 0.6,
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there are more trials requiring over 4000 epochs. The N.C. (Not Converged)

group shows how the number of non-converged trials increased steadily for
overlaps greater than 0.3.

On examination of the results from both Fig 4.6 and 4.7, an overall
degradation of performance is observed. This is mainly due to the increase in
the number of unconverged trials, as the overlap between adjacent hidden layer
neurons was increased. However, it is clear from the variation of the learning
speed distributions in Fig 4.7 that for trials which did converge, the average

number of epochs needed for convergence was actually decreased for moderate

amounts of overlap. This decrease in learning time is most probably due to an
overall positive reinforcement of a neuron’s output activation from overlap of
adjacent neurons, causing an increase in weight change increment and a
consequent increase in the learning speed. The increased number of non-
converged trials is due to negative reinforcement which causes non-
convergence by training of weights values in the wrong direction. Eventually,
even positive reinforcement may also cause non-convergence due to overly
large weight increments which could saturate a neuron irreversibly. This would
explain the eventual reduction in the mean learning speed of trials which did
converge, as well as the increased number of non-converged trials for larger

values of overlap. This phenomenon is now examined in more detail in the

following analyses.

Two sets of trials were carried out starting each set with a different random
weights file. For each set the trial was repeated for different values of overlap,
using the same starting weights file. The variation in the number of epochs

needed for convergence, as overlap was increased at intervals of 0.05, is shown
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in Fig 4.8. Both graphs start at zero overlap, and end at the highest overlap
value for which convergence was achieved. As before, a trial was said to be
not-converged if convergence was not achieved in 10000 presentations of the

training set.
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Fig 4.8 Variation in learning time with overlap for two sets of trials

Set (a) showed a gradual decrease in the learning time, followed a by rapid
failure as overlap was increased past 0.65. Set (b) initially showed the same
gradual decrease in learning time, but a gradual failure is also apparent starting
at an overlap of 0.45, with final non-convergence occurring at overlap greater
than 0.60. These observations conform to the shift in distributions of training
times shown in Fig 4.7, where an increase in overlap gave a decrease in the
average number of epochs required for convergence, provided convergence

occurred. However, the difference in the type of failure still needs to be
explained.
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The weights values learnt using zero overlap for Set (a) are shown in Fig 4.9.

Similar weights were learnt for Set (b).

Fig 4.9 Final weights values obtained after convergence using zero overlap

On examining these weights learnt with zero overlap, it can be seen that the
neural network has discovered a representation in the weights which can solve
the parity problem. Qualitatively, it can be noted that the weights between each
input and a particular hidden neuron are the same which makes the network
invariant to the order of bits in the input pattern. Therefore, it is the nwmnber
of 'true’ bits in the input which determines whether the threshold bias weight
value is exceeded or not. The sigmoid function on the output of each neuron
causes the output activation to saturate quickly to "0’ for negative sums, or ’1’
for large positive ones. Hidden neuron 1 has an activation close to 0’ if two
or more of the inputs are "true’, hidden neuron 2 has an activation close to '0’
if one or more bits are ’true’, and the activation of neuron 3 is close to '0’
only if all three bits are "true’. Thus, the hidden layer effectively counts the
number of ’true’ bits in the input, irrespective of position, and encodes the

total count as the same number of *0’ activations. The output layer then
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decodes the hidden layer activations. The output threshold bias is a small
positive number, the weights from hidden neurons 2 and 3 to the output are
large and negative, and the weight from hidden neuron 1 to the output is large
and positive. Therefore the output will be close to a *1” for hidden activations
’0 0 0’ and ’1 0 1’ corresponding to even parity, and close to a "0’ for hidden
activations 1 1 1’ and *0 0 1°, corresponding to odd parity. It can be seen that
the actual values of the weights and thresholds are not critical, for a similar
internal representation to be achieved. Fig 4.10 shows the internal values of the
network for all eight input patterns, rounded to integer values for clarity. The

same representation was discovered by the network in Set (b).

IR

Fig 4.10 Internal Representation for Backpropagation Learning of 3-bit Parity
with zero overlap

Rather than show all the available data, the direction of change (positive or
negative) of the final weight values as overlap was increased is shown in Fig
4.11 for Set (a). This helps to give an insight into why the network eventually
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fails to converge for large values of overlap.

Fig 4.11 Direction of change of final weights values with increase in overlap
for Set (a)

As the overlap was increased the final weights values changed gradually. The
magnitude of the change was approximately the same for each weight and
threshold. Several mechanisms for failure appear possible in Set (a) depending
on the slight differences in the changes for different weights. In the hidden
layer, the weights and threshold of neurons 1 and 3 are moving in different
directions which would eventually cause a hidden layer activation to change
value from a *0’ to ’1’ or vice-versa for some input pattern. In the output
layer, an increase in the weights from hidden neurons 1 and 3, faster than the
change in threshold and the other weight, would eventually cause the sum of
products to overcome the threshold when all hidden neurons were ’1 1 1,
therefore giving the wrong result for the input 'F F F°. This was in fact the

cause of failure in Set (a), at an overlap of 0.65, verified by examining the
exact weights values obtained.
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In Set (b), the weights movements were of similar magnitude but with different
directions, shown in Fig 4.12.

Fig 4.12 Direction of change of final weights values with increase in overlap
for Set (b)

In this case the first signs of failure occurred when the weights of the third
hidden neuron became too small to overcome the rising threshold at an overlap
of 0.5, rather than a failure in the output layer as experienced in Set (a). At
this point the network weights changed in an entirely new way, some changing
direction, breaking the symmetry of the usual method, and the output layer
weights rose to much higher values. This *phase’ change was accompanied by

a great increase in the number of epochs required to find the new solution. The

new internal representation discovered is shown in Fig 4.13.
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It can be seen that the network has exploited the symmetry in the output layer
weights which allows the order of hidden activations to be exchanged without
affecting the final result. The number of ’0’ hidden layer activations is the
same as that for smaller amounts of overlap for the same input pattern. This
new weight combination will work even without overlap, but without the
additional constraint, the network finds the simpler solution first. The
subsequent large rise in learning time with overlap until non-convergence
shows that the alternative solution is more sensitive to the overlap value than
the first. Final non-convergence in Set (b) occurred at an overlap of 0.6, due
to a second hidden layer failure. The two sets of trials reveal two typical

responses of the parity network to overlap.

In summary, for the first case Set (a), changes in the output layer due to
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overlap eventually caused rapid, unrecoverable failure. In the second case,
changes in the hidden layer results in an alternative route to convergence,
requiring longer training, before final non-convergence occurs. In Fig 4.7, the
results from the 100 trials are split between these two cases for large overlap
which explains the overall nature of the graph. In both Set (a) and Set (b),
small overlaps, up to 0.5 have little effect on the way the solution is found,

which is an interesting and beneficial result.

In the light of these results it appears that the neural network is highly tolerant
to the mixing of hidden layer neuron outputs for the three bit parity problem,
and it is noteworthy that even for a large overlap the network can still

converge to the correct solution, albeit in a smaller number of cases.
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4.4.2 Text-to-Speech using Floating Point Weights

The second network implementation was for a larger problem, involving a
larger number of hidden layer neurons. A network similar to the NETtalk text-
to-speech architecture of Sejnowski and Rosenberg?*! was chosen because
of the network’s proven ability to generalise for unknown input data. (Learning
of the above parity problem cannot be used to examine generalisation because
the entire set of input/output patterns must be used to train the network
correctly). NETtalk cannot be described as a state-of-the-art system, since it
relies only on statistical pattern recognition, and is lacking in the
morphological analysis and other higher level knowledge bases present in more
advanced systems™*], but it is useful as a demonstration of a typical
application for neural networks and gives an insight into how internal
representations are formed in hidden layers“”), NETtalk was a multilayer
perceptron network trained to learn text-to-speech conversion by training on
example pairs of letter and phoneme data from English text, using the
backpropagation algorithm. The input data was presented as a window of seven
characters which was moved along the running text. The network was trained
to pick out the correct phoneme for the central letter of the seven, the other
letters being used to provide a context for the transcription. Fig 4.14 shows a
schematic of the NETtalk architecture. In this implementation**?a 196-100-46
network was used, which is different to NETtalk only by virtue of how the
training data was obtained.

The inputs consist of 7 groups of 28 bits, of which one bit in each group is a
’1” and the rest ’0’. The ’1’ represents the selection from a set of 28 possible

characters, the 26 letters of the alphabet plus 2 for punctuation. Hence, only

seven of the inputs are °1’ for any input pattern. A hidden layer of 80-120
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neurons has been found necessary to be able to capture the regularities in
English text, so 100 was chosen for this application as a trade-off between
performance and training speed. The phoneme classification was made by

selection of one of a representative set of 46 phonemes.

PHONEME

I/
Output Neurons
000000000

000000000000000000000000

we /1 N\ NN

0000 0000 0000 0000 0000 0000 0000
(- a - ¢ a t -)
TEXT

Fig 4.14 Schematic of NETtalk Architecture (after
Sejnowski and Rosenberg)

The network was trained using words from a file of text containing 566 of the
most commonly written American-English words, obtained from the statistical
analysis of Brown’s Corpus by Kucera and Francis™**", and phoneme data
derived from a specially designed computer program based on the letter-to-
phoneme rules of Elovitz et al**. The final training set consisted of 2856
letter to phoneme mappings, one for each letter of the 566 words placed
centrally in the seven character window. The 46 output neurons classified the
phonetic translation of the input data using a slightly extended set of the
International Phonetic Alphabet. The extension was necessary because in some
cases, single letters mapped onto two consecutive phonemes in Elovitz’s rules,

which cannot be handled by a network which is capable only of one-to-one

mappings. It was therefore necessary to invent extra *compound’ phonemes.
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It was decided not to be overly concerned with obtaining good performance
of the rule-based program in producing ’'correct’ spoken English for every
word, since the aim of the exercise is not to produce the best text-to-speech
system, rather to test the effect of overlap on a large neural network. All data
produced by the rule-base can be treated as correct for the purpose of training
the neural network, since the performance of neural network can be measured

against the rule-base data, correct or otherwise.

A few initial trials with zero overlap were done to find an optimum learning
rate and momentum, which were found to be 0.9 and 0.0 respectively. An
output activation tolerance of 0.3 was chosen. For each value of overlap, the
network was trained starting with the same (initially random) weights file, and
the number of patterns learnt after each pass of the data set was recorded for

80 epochs.

Percentage of Patterns Learnt
Over |ap

0.1

100 | 0.3

0.5

g0 0.55

40

ar
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No. of Presentations of Inputs (Epochs)

Fig 4.15 Learning curves for text-to-speech showing overlap dependence

92



CHAPTER 4 SOFTWARE SIMULATIONS

Fig 4.15 shows the learning curves obtained. Even without overlap, the
network was unable to learn the entire training set in 80 epochs. The reasons
for this are as follows. Firstly, two of the words in the training set, *Thought’
and ’Though’, cannot be distinguished by this method using only a seven
character window. Secondly, the network learns to distinguish between ’c’, ’s’
and ’z’ sounds fairly late on in the training run, and does not achieve the
correct results for all words at 80 epochs. This second case could have been
overcome by further training, but it was decided that to do this for all trials

would not warrant the extra computer processing time required.

The learning curves for the network with overlap, and the network with zero
overlap, are almost indistinguishable for overlaps up to 0.3. The performance
of the network is then seen to degrade gracefully up to an overlap of 0.5. At

0.5 overlap a slight peak in the percentage of patterns learnt is noticeable at
about 50 epochs after which the number learnt decreases slowly. The network

failed to converge at an overlap of 0.6, and the number of patterns learnt

decreased rapidly to zero after peaking at about 17 epochs.

Generalisation for unknown inputs was then tested, for the values of overlap
up to 0.5. For each input pattern, the correct’ phoneme was chosen as the
output neuron with the largest activation. The network was tested initially on
the original training set for each value of overlap, using the final weights learnt
in the first part of the simulation. A 720 word sample of text containing words
not in the original training set was then tested on the network and the
percentage of correct letter-to-phoneme transcriptions was recorded. Fig 4.16

shows the results obtained for the generalisation experiment. From the graphs

93



CHAPTER 4 SOFTWARE SIMULATIONS

it is clear that the neural network performance degrades as the fractional
overlap is increased, both for the original training set and the new data.

However, significant degradation occurred only for overlaps greater than 0.3,

as was the case for the parity simulations.
Percentage Correct Transcriptions

80

40 I~

2r —¥*— Training Set > New Data

0

o g.1 0.2 0.3 0.4 a.5 0.6
Fractiona! Over |lap

Fig 4.16 Generalisation results showing variation with overlap

4.4.3 Text-to-Speech using Quantized Weights

It has been discovered that the gradient descent algorithms are very sensitive
to quantization of weights values during learning*'%*, As explained earlier
(Section 2.2.5, p26), quantization is almost inevitable in both analogue and
digital implementations of neural networks. The most damaging effect of
quantization is the truncation of weight updates to zero. In chip-in-the-loop
training, the weight update may be calculated using floating point arithmetic.
However, the update may be transferred to the chip only if it is equal or
greater than the least significant bit (LSB) of the stored weight. Thus it is
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necessary to consider the combined effects of weight quantization and overlap
on neural network learning, and to discover if either has a dominant effect.
Typical weight quantization in analogue neural networks is 12 bits or less.
Therefore the text-to-speech simulations were repeated for 12, 10, and 8-bit
quantization of weights. In addition a probabilistic update strategy'**” was also
tested for the 8-bit case, whereby a weight is updated by one LSB with
probability Aw/LSB, if the calculated weight update Aw is less than the LSB

value.

Quantization as used in the simulations is defined as follows. Firstly the
integer part of each weight is clipped to +16, using 5 bits. This choice is made
on the basis of the weight ranges required by floating point simulations. The
remaining bits are available for the fractional part. Thus the LSB values of 12,
10 and 8-bit weights are 1/128, 1/32, 1/8 respectively.

The Pascal code was first ported to C to take advantage of newer Sun
workstation performance, and then modified in two ways. The random weight
generation procedure was altered to introduce quantization to the initial random
weights file. The weights are generated, as before, as real numbers in a fixed
range after which each value is quantized. In C this is easily done by
multiplying a real valued weight by the LSB denominator (i.e. 128, 32 or 8),
converting to integer type, converting back to real, then finally dividing by the
same LSB denominator. Since the magnitudes of initial weights are much

smaller than 16, clipping is not necessary.

The same procedure is also carried out for each weight update during learning.

Furthermore each updated weight value is checked to seec whether it is now
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greater then 16, or less than -16. If so, the value is clipped. The above

procedure ensures that weights continue to be quantized throughout learning.

In order to implement probabilistic update for the 8-bit case a random number
is generated in the range O to 1/8. If this number is less than the magnitude of
the calculated update, the weight is updated by one LSB in the direction of the
calculated update, otherwise the weight is not updated.

Simulations of text-to-speech learning were carried out as follows. For each
value of overlap from 0.0 to 0.5 at intervals of 0.1, the network was trained
for 80 epochs on the training set used in the previous section. The fully
floating point simulation was repeated first, since a different initial random
weights file was used. Next, weights were clipped to +16 but were not
quantized. Then, various levels of quantized weights were used with 12, 10
and 8 bits. Finally the 8-bit with probabilistic update simulation was
performed. During each training run, the number of patterns learnt, MSE,
maximum and minimum weights, mean and standard deviation of the weight
set, and the average number of zero weight updates per epoch, were monitored.
The generalisation simulation was then carried out for each network. Graphical
results for the learning and generalisation simulations are shown in Fig 4.17

and Fig 4.18. Fig 4.19 shows the data obtained from monitoring the learning

simulation.
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Fig 4.17 Text-to-speech learning with overlap for various degrees of
weight quantization
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Fig 4.18 Text-to-Speech generalisation with overlap for various degrees
of weight quantization
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Fig 4.19 Table of data measured after training text-to-speech for 80 epochs
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Fig 4.19 Table of data measured after training text-to-speech for 80 epochs

(continued)

It can be seen from the graphs and data that both learning and generalisation
are severely affected by quantization. Weight clipping by itself only reduces
the percentage of patterns learnt by around 1% at all values of overlap used,
and a similar percentage for generalization. But with 12-bit quantization, the
percentage of zero weight updates are nearly 99% and reduction in percentage

patterns learnt is 10-20% for all values of overlap. For 10-bit weights, the
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percentage of zero weight updates is over 99.8%, and the reduction in
percentage patterns learnt is 30-40% up to an overlap of 0.3, above which
rapid failure ensues. With 8-bit quantization the number of zero updates is over
99.9%, such that learning is impossible for any value of overlap. With 8-bit
probabilistic update however, the results are much better, with a reduction of
only 2% in the percentage of patterns learnt for all values of overlap, even

though the number of zero weight updates is nearly the same as in the 10-bit

case.

From this data it appears that quantization has the dominant effect, causing a
severe reduction in performance in both learning and generalization ability.
The overlap has a consistent effect, which is to further reduce performance of
both learning and generalisation. The added effect of overlap is more marked
as quantization is introduced. However with probabilistic update, the results
show that the backpropagation algorithm has a good tolerance to overlap which

is similar to that achieved in simulations with floating point weights.

It is also noted that the standard deviation of the weight set for the 8-bit
probabilistic update simulation is no larger than that of the floating point
algorithm without overlap (which was used to determine a suitable weight
range) for overlaps up to 0.3. In these cases, more than 95% of weights have

magnitudes less than 16, which justifies the weight range chosen.

4.4.4 Five Bit Parity comparing Backpropagation and Weight Perturbation
In order to compare the performance of backpropagation and weight
pcrtm‘bation algorithms with weight quantization and overlap, a 5-10-1 MLP

network was trained to learn 5-bit parity. A new problem was chosen for two
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reasons. Firstly, the 3-bit parity network was considered too trivial for an
adequate comparison. Secondly, it was not feasible to repeat the text-to-speech
training with weight perturbation, because of the large number of weights in
the text-to-speech network which would require an excessive amount of time

to train.

A few initial training runs were carried out to find the optimum learning rate
for the learning of all 32 binary patterns, which was found to be 1.0.
Momentum was not used since it is unlikely to be employed in on-chip
training algorithms because of the extra memory required. The existing weight
range of +16 was found to be adequate for the simulations - none of the

weights were clipped in the initial training runs.

Floating point backpropagation was first compared with weight perturbation
using a very small perturbation of 0.0001. Backpropagation took 2715 epochs
for complete convergence, and weight perturbation took 14595 epochs, which

0 LAl Ll L L Ll L L) 2 b Lttt et

Epochs (Marked every 50)

T Bacipropagat ion T velght Perturtation

Fig 4.20 Learning Trajectories for 5-bit Parity comparing Backpropagation
and Weight Perturbation with a small perturbation At=0.0001
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was surprising since the results were expected to be the same. However the
reason for this is seen by comparing the learning trajectories as shown in Fig
4.20. The trajectories are plotted up to the point that the backpropagation run
converged, using an output activation tolerance of 0.1. Although the learning
trajectories are almost identical to begin with (less than 0.2% difference after
200 epochs) as expected due to the close approximation of the error gradient
when a small perturbation is used, the learning trajectories are then seen to
diverge. This suggests that learning of 5-bit parity is very sensitive to small

differences in weight values.

The size of perturbation was then increased to 0.125 which is the size of the
LSB for an 8-bit quantized weight, and is about 1% of the maximum weight.
The increase in perturbation size is necessary to test the effect of quantization,
since it must be at least as big as the maximum LSB value used. This new

value of perturbation was used in all subsequent simulations.

The training was repeated for values of overlap from 0.0 to 0.5 at intervals of
0.1, using weights clipped to +16, then 12, 10, and 8-bit quantized weights,
and finally 8-bit weights with probabilistic update. The results from the
simulations are shown in Fig 4.21, which gives the number of epochs required
to train the network to correctly classify all 32 patterns, where possible. The
numbers in brackets denote the number of patterns learnt after 30000 epochs,
if the network did not converge.

For backpropagation the overall results are comparable to those for text-to-

speech, in that performance is severely reduced by quantization.
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Fig 4.21 S5-bit Parity Results

(a) Backpropagation
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For the floating point simulation, the network is able to converge for values
of overlap up to 0.2 but the number of epochs required is increased over that

for zero overlap. Strangely, the speed of convergence is increased for 12-bit
quantization but this is only achieved for overlaps of 0.2 and 0.3. The network
fails to converge for 10-bit and 8-bit quantization. However, for 8-bit
quantization with probabilistic update, the network is able to converge for

overlaps up to 0.4 at a rate which is sometimes faster and sometimes slower

than in the corresponding floating point simulations.

In the case of weight perturbation, the qualitative results are similar, with

reduced performance at 12-bit quantization, and no convergence for the 10-bit
and 8-bit simulations for any amount of overlap. However, with clipped
weights, the network converges for all overlaps up to 0.5, and at a much faster

rate than the case with zero overlap. The 8-bit probabilistic update simulation

converges for all overlaps except zero.

On this limited amount of data, it is only possible to draw general conclusions
and to make some speculations. Firstly both training algorithms exhibit a
tolerance to overlap for both the floating point and 8-bit probabilistic update
training runs, but this tolerance is not as good as for the text-to-speech
problem. The reason for the poor performance of weight perturbation at zero
overlap cannot be explained at this time. However, it is interesting to note that
the networks trained by weight perturbation converged more consistently at
higher overlaps than by backpropagation. This may have something to do with
the fact that the learning phase for weight perturbation explicitly incorporates
the effect of overlap, since calculation of the perturbed MSE involves a recall
phase. This may be seen as further evidence of the tolerance of weight
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perturbation to particular constraints imposed by hardware implementation.

4.4.5 Discussion

Different simulations were carried out to investigate the effect of the mixing
of hidden neuron outputs, in order to simulate the band overlap which would
occur between the frequency responses of closely spaced filters in the proposed

frequency division multiplexed communication system between neural layers

in a neural network.

The effects of gradual degradation on the ability of the backpropagation
algorithm to train a neural network has been investigated by examining the
weights values learnt, as overlap was increased, in the 3-bit parity problem. It
was seen that failure to converge is due to the training of weights (or
thresholds) in the wrong direction, due to the modification in the outputs of
neurons by others. Failure may occur in either the hidden layer or the output
layer. In the 3-bit parity simulations, it was shown that the network may find
an alternative path to convergence when constrained by overlap. This is not
necessarily a desirable feature and it would not be wise to implement a
network architecture using such a high degree of overlap, but it is interesting
that an alternative method was found by the network for solving the parity

problem, which would not have been found without the additional constraints
being present.

The results of the text-to-speech simulations using backpropagation with
quantized weights, suggest that weight storage on-chip may be quantized to 8
bits without a severe loss in performance, provided a probabilistic update

strategy is used in the chip-in-the-loop training. The reduction in the
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percentage of patterns learned using 8-bit weights and probabilistic update with
an overlap of 0.3 is only 5%, compared to the fully floating point simulation

with no overlap.

The results from the comparison of backpropagation with weight perturbation
learning 5-bit parity are somewhat less conclusive. However, it is clear that a

probabilistic update strategy must by employed in either algorithm, in order for

the network to converge consistently with quantized weights.

Although it is not possible to say with certainty that the algorithms will exhibit
a similar degree of tolerance for other problems, some tolerance to overlap is
probable, since the mechanisms for compensating the overlap errors will be
similar. The tolerance to overlap exhibited by the networks and algorithm
justifies the proposed use of moderate degrees of overlapping of filter
responses in the implementation of FDM communications. An overlap of 0.3

appears to be an upper limit for minimal degradation. This will allow the use
of lower Q filters, and/or increase the number of signals able to be transmitted

in a given bandwidth.

106



CHAPTER § VLSI IMPLEMENTATION OF FDM

CHAPTER 5 - YLSI IMPLEMENTATION OF FDM

This chapter turns to the VLSI part of this thesis, starting with remarks on the
use of SPICE simulation for analogue VLSI design. The next section discusses
techniques for minimising the effects of fabrication process variations. This is
followed by a brief introduction to filter and oscillator VLSI design using
Operational Transconductance Amplifier (OTA) building blocks. The design
of a CMOS differential OTA chip is then presented, including a description of
the route through to fabrication and testing. Simulation results using the OTA
in filter and oscillator circuits are also presented. The remaining sections of the
chapter cover tuning techniques needed to ensure matching of frequencies

between chips, and the specification for VLSI implementation of the FDM

communications.

5.1 Simulation Issues in Analogue VLSI

Whereas many high level simulators exist for digital systems, the device level
simulator, SPICE (including variants HSPICE, PSPICE), is still the accepted
tool for use in most analogue circuit designs. This is because analogue design
is much more susceptible to the characteristics of particular devices, making
*black-box’ behavioral modelling much less straightforward. This is also true
for analogue VLSI design. There are numerous SPICE transistor models of
varying accuracy suitable for analogue VLSL which use as input, process
parameter values supplied by the chip manufacturer. Since the exact values of
transistor parameters are important in defining analogue operation, any
inaccuracies or variations in the SPICE parameters can have a significant effect

on performance. Passive components are also a problem for analogue VLSI
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simulation. In the case of on-chip capacitors or resistors, these are as much

subject to process effects as transistors, but they are not modelled as such by
SPICE.

When compared to digital, analogue VLSI circuits are much more sensitive to
the exact layout of the components. Layout is more involved than in digital
systems, where it is often possible to use the schematic information to
accomplish layout automatically. Gate arrays and standard cell libraries are

readily available. In contrast, high performance analogue circuits often require
a full custom layout. Some layout information may be back-annotated into

SPICE after layout (such as MOS transistor source/drain dimensions), and a
more accurate simulation can then be carried out. Even so, this approach may
result in a circuit being rejected after the lengthy design and layout procedure,
for other reasons. Fabrication variations can cause mismatch in components on
chip, and variations from chip to chip, which are difficult to include in
simulations. A further problem for system level simulations is lengthy

simulation times, although this may be overcome if higher level sub-circuit
models are available.

In the light of these problems, it is often desirable to try to minimise and
cancel out errors where possible by careful design, rather than attempt to
simulate the devices more accurately. In addition, where absolute component
values cannot be guaranteed, adaptive methods can be used to ensure accurate
performance of the system. This is the approach taken in the work to be
described in this chapter, since the accuracy of simulation possible was limited
by the availability of process data from the foundry.
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§.2 MOS Process Variations, Temperature Gradients, and their Effects on
Analogue Circuit Design

5.2.1 Process Variations

With the increasing trend towards mixed analogue and digital integrated
circuits and the use of CMOS technology, it is usually necessary to design
analogue VLSI circuits capable of being manufactured using a digital CMOS
process. It is important to have an understanding of the uncertainties in the

fabrication process and to be able to analyse the effect of these variations on

circuit parameters, thus making it possible to minimise errors.

It is generally accepted that the uncertainties in the absolute values of MOS
passive components or transistors are around 10%, mainly due to variations in
oxide thickness and doping in the fabrication process. In the case of integrated
RC filters, Gregorian and Temes point out™!! that the combination of errors in
resistor and capacitor values lead to overall errors of around 20% in RC time
constants, since resistors and capacitors are produced in different IC processing

steps, so that errors are independent. This magnitude of error is clearly

unacceptable even for low selectivity filters or oscillators.

Relative errors between similar components on the same chip however, are not
as serious, since process variations have a more uniform effect on similar
components, resulting in a good matching characteristics. In this case, it is the
accuracy of the ratio of component values which must be considered. The
error in this ratio is called the tracking error which is around 1% for a typical
process, an order of magnitude lower than the absolute error. The same ratios

are also reproducible on chips from different wafers, even though the absolute
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values may be very different.

Some matching is also to be expected over a single wafer, and errors may be
smaller than those between chips on completely different wafers. However, for
a large number of chips, some will inevitably be on different wafers so it is
not really sensible to rely on matching except for components on the same

chip.

The main causes of physical fabrication errors in addition to variations in
oxide thickness and mobility, are mask undercut and random errors. Additional
errors are due to parasitics such as stray capacitances. The effects of these

depend very much on the physical geometry of the device.

Gregorian and Temes™"! discuss all these effects on integrated MOS capacitors.
Undercut is the lateral etching which occurs at the same time as the desired
vertical etching through a mask in the manufacturing process. The reduction
in area leads to a reduction in C, which depends on the perimeter of the
component. The smallest practical perimeter-to-area ratio is best achieved by
making the capacitor square. In addition, the capacitance is subject to a
random variation, due to uneven edges of both the masks and the materials
deposited, caused by non-uniform etching. The effect of the random errors is
such that an 8-bit accuracy in the absolute value is the best that can be
expected from the process™?. Values for bottom plate stray capacitance are 15-
30% of C for metal/poly over diffusion capacitors depending on oxide
thickness and the construction of the device, and 5-20% of C for poly-over-
poly and metal-over-poly devices. Poly-over-poly capacitors are generally

preferred due to the uniformity of the oxide layer which can be achieved
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between polysilicon layers.

Minimum tracking errors are obtained by ensuring a constant ratio of area to
perimeter, and a uniform etch around the capacitor plates®®®, In practice this
means designing a small unit capacitor square, and combining squares in rows
and columns to obtain higher values, since the amount of under-etching will

be approximately the same for each square.

Common centroid layout®*” is used to make a layout insensitive to first order
variations, by distributing the component topology and using symmetry to
cancel out the errors, using the fact that process parameter gradients across
chip (e.g. oxide thickness) are approximately constant over small distances.
Sensitivity analysis is often used to quantify the effect of mismatch or
temperature gradient on system design parameters, such as frequency or Q in
filters, where sensitivity is defined as the relative change in a parameter due
to a change in a component value. Conventional design aims to minimise
sensitivities whilst satisfying the specification. In the case of common centroid

layout, it is not necessary to know the absolute value of the sensitivities

because they cancel out.
According to Eric Vittoz®, the main mismatch in transistors can be described

by the variation in the threshold voltage and transconductance parameter. The

effect on circuit parameters depends on the circuit configuration.
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In order to minimise mismatch, Vittoz summarises the following rules for

layout of analogue components (both active and passive) to be optimally

matched.

VITTOZ’S RULES FOR OPTIMAL
MATCHING IN ANALOGUE LAYOUTS

Same structure

Same area

Same shape, same size
Minimum distance
Common-centroid geometries
Same orientation

Same surroundings

Non minimum size

RNANP W=

Temperature differences between different parts of a chip, can also lead to
mismatch. The values of temperature coefficients for component values may
be very small (e.g. 20ppm/°C for capacitors), but temperatures may be high,
especially close to high power devices such as output transistors. To reduce

these cffects common centroid layout can be used in the same way as for
process variation. In addition, matched components should be placed close
together, have similar surroundings, and should be as far as possible from

output transistors.

5.3 Operational Transconductance Amplifiers
The operational transconductance amplifier (OTA), or voltage-controlled
current source (VCCS), has gained increased popularity in analogue circuit

design in recent years. Neural network designers also, have not failed to notice
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the advantages of using OTAs in analogue implementations™®”*®, and it is in
this spirit that the use of the OTA is proposed as the building block for the
FDM circuitry. The subsequent sub-sections introduce the use of OTAs in filter

and oscillator circuits and explain the need for linearising techniques.

5.3.1 OTA Based Filters and Oscillators

The OTA symbol and equivalent circuit are shown in Fig 5.1. The transfer
function i_,/v;, is determined by the small signal transconductance gain g,. C,,
and g, are the lumped input capacitance and output conductance, which model

the main parasitics, but will be neglected at this stage.

Fig 5.1 OTA Symbol and Equivalent Circuit Model

Initial research using the OTA as a building block for filter and oscillator
circuits has been proposed and carried out by several groups, initially using the
commercial CA3080 IC, and more recently using specially designed OTAs.
H.S. Malvar™" used the differential CA3080 in the place of analogue
multipliers to synthesise a second order bandpass filter configuration (Fig 5.2).
Malvar combined the OTA with a fixed capacitor load C to form an integrator
building block with transfer function H(s)=g,/sC. The integrators were used
to replace the fixed integrators of the usual biquad circuit, and a third OTA of
gain g,, was used to control the Q of the filter independently of w,. The Ea

and g, are, in turn, controlled by the respective external currents Iy and Iy,
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Fig 5.2 OTA based filter with Q control (after Malvar
1982)

The resistors R, and KR, were used for attenuation to ensure linear operation,
since the CA3080 is only linear for a small input range. This should be
contrasted with the performance of filter circuits using conventional op-amps,

which are highly linear, but cannot be easily tuned electronically.

A.R. Saha et al*'¥ describe an RC sinewave oscillator using differential OTAs
shown in Fig 5.3. The oscillation condition g,r21 is controlled by g,, and the
oscillating frequency ®,=g,/N{C,C,(1+R/1)} is controlled independently using
resistor R. Advantages of this configuration were reported as low component
count, low sensitivity and simple control of frequency by a single resistor. The

use of low valued, grounded capacitors also make it more suitable for IC
fabrication.

114



CHAPTER § VLSI IMPLEMENTATION OF FDM

Fig 5.3 Sine-wave oscillator with
single resistor control (after Saha 1983)

Later work has concentrated on eliminating resistors from designs. This
simplifies the IC fabrication, and also makes possible fully integrated MOS
implementations which can exploit the advantages of on-chip capacitors and
good device matching. In his subsequent paper on the subject*!*, Malvar
describes a biquad filter structure using only OTA and capacitor components,
which he called an Active-C (now more often termed OTA-C) implementation.
This circuit was also built using CA3080 devices. In their tutorial paper'¥,
Geiger and Sanchez-Sinencio describe a wealth of circuits using OTA building
blocks, including several second order filter sections using two or three OTAs.
Fig 5.4 shows a bandpass filter from this paper using two grounded capacitors

and three OTAs with 0=V(gm,gm,/C,C,) and Q=1/gm, V(gm,gm,C,/C,).
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Fig 5.4 OTA-C bandpass filter (after Geiger 1985)

Many more OTA based filter circuits have since been proposed, some designed

by converting well known active RC circuits>!5*),

> Vo,
- Ons |40
} . U2 +
+
c, == c, —

-l

Fig 5.5 Resistor-less sinusoidal oscillator with low
component count (after Senani 1989)

Abuclma’atti and Almaskati™'” and Senani®™® both describe OTA-C
oscillators using only OTAs and capacitors. Senani’s circuit, shown in Fig 5.5,
in particular is ideal for integration since it uses only three OTAs and two

grounded capacitors, whilst still allowing independent control over frequency
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®,=V(gm,gm,/C,C,) and oscillation condition C,gm,>C,gm,. A technique for
generating all possible OTA-C sinusoidal oscillator structures employing two
capacitors has also been reported, some being suitable for integration®'?),

To date, the latest research in OTA based filters and oscillators has
concentrated on adaptive tuning methods (see later), design techniques for
achieving ever higher resonant frequencies®??!, and improvements in OTA

design, particularly in CMOS technology.

5.3.2 Design of Linearised MOS Transconductors
The simplest CMOS differential OTA is the standard op-amp input stage which
is constructed from a source-coupled differential pair with differential-to-single

ended conversion using a current mirror load (Fig 5.6).

v

Fig 5.6 Basic CMOS
Transconductance Amplifier

Large signal analysis of this circuit using the square-law relationship for MOS
transistors shows that the dynamic range is limited to 20% of the supply
voltage in order to maintain less than 1% non-linearity, measured as percentage
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deviation from ideal output for a given gain and input voltage®®?. The non-

linearity is caused by the transistors going out of the saturation region.

Non-linearity in analogue signal processing systems causes harmonic distortion
(mainly third order), and the creation of intermodulation products. It can be
shown that the input range must be limited to 40% of supply in order to
achieve a Total Harmonic Distortion of less than 1%. For these reasons,
linearisation of OTA circuits is highly desirable, and is the subject of much

fruitful current research often directly related to filter and oscillator
5.23-35)

design'
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5.4 OTA Design and Simulation

5.4.1 Route to Silicon

It was decided to design an OTA using techniques which would yield a
compact yet linearised design, which would be able to be used in filter and
oscillator configurations®®*®, IC design fabrication facilities were provided
through the EspriYEUROCHIP scheme, using the CMOS 2.4pm n-well
Double-Layer-Metal/Double-Layer-Polysilicon (DLM/DLP) process of Mietec
in Belgium. HSPICE and Mentor Graphics CAD software were available for

simulation and layout.

The CAD route is described as follows. The initial design was simulated using
HSPICE. Mentor Graphics NETED schematic entry was used and designs were
simulated using ACCUSIM, the Mentor SPICE simulator, using the SPICE
MOS transistor Level 2 parameters provided in the Mietec documentation. The
graphical input of the netlist using NETED was preferred over the HSPICE
netlist entry. Final checking was done using HSPICE, also with Level 2
parameters, carried out by exporting the SPICE file from ACCUSIM. Level 3

MOS transistor parameters were not available until after fabrication.

Since compact circuitry was required, it was decided not to use the Mietec
Analogue Standard Cell Library throughout and opt instead for a full custom
design. In addition, the lack of any simulation models for the analogue core
cells would have made accurate design difficult, if not impossible. It was
however decided to use the standard cell I/O pads to speed up the design
process. The initial layout was drawn up on paper which was transferred to
software using Mentor CHIPGRAPH together with mask definitions contained
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in the Mietec Design Kit software supplied by Eurochip. Design-Rule-
Checking (DRC) files for use with the Mentor REMEDI DRC package were
not available as part of the first release of the Design Kit. Therefore all DRC
for the chip was done using the Mietec design rule document at the layout

stage, and then by the lead-site at Rutherford Laboratories using the automatic
design rule checker, DRACULA.

The linearisation technique used was the Bias Offset technique of Wang and
Guggenbiihl®#*®, which uses the square law characteristics of MOS transistors
in saturation to synthesise a linear transfer function. Manipulation of the
square-law has been used by numerous researchers to eliminate unwanted
terms in the construction of building blocks for analogue computation,
including the author of this thesis!®?"\. Fig 5.7 shows the OTA architecture as
proposed by Wang, using identical nMOS transistors for both the differential
pairs and the voltage shifters. In the diagram, L, is the value of the current

source, Vy, is the input voltage, and V, is the bias offset voltage. I, and I, are

the output currents.

It can be shown"***! that the output currents of the cross coupled pairs are,

[ = KW, LKV, 5.1)
R e e

where K=pC, W/L and p, C,, W, and L are the mobility, gate oxide
capacitance per unit area, channel width and channel length respectively.
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The single ended output current is,
I,=W,-1)=KVV, (5.2)

The slope of the transfer function is therefore controlled linearly by the bias
offset V,, (g,=KV,) and is independent of I, which offers a significant
advantage over previous designs which control the gain by adjusting the source
bias current L, in terms of sensitivity and ease of control. Linearity is

maintained provided all transistors remain in saturation. The range of V,, is
limited to,

2 (5.3)
e ffe-28) - %

Since K and V,, should be small to maximise linearity for a particular L, but
large to maximise gain, it can be seen that there is a trade-off between gain

and input range which necessitates careful design of W and L values.

Va

Fig 5.7 Linearised CMOS OTA (after Wang
1990)
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Designed MOS Transistor Widths and Lengths (microns)

A | F«HR* WEI}—HR"'“

o

Fig 5.8 Monolithic n-well implementation of OTA

In the monolithic implementation designed here!** for fabrication by the
Mietec process (Fig 5.8), pMOS transistors (MP1-4) were used for the
differential pairs since each may be placed in a separate n-well with body
connected to source, thereby reducing potential distortion due to the body
effect. Single ended current output was obtained by the use of three current
mirrors (MN1-4 MP9,10), and a current source was provided by a single
transistor (MP11), with the current set by a potential divider network (MNS5

MP12-14). The two voltage bias offsets were implemented using transistors
MP5-8.
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W/L ratios were calculated using the square-law MOS transistor model. The
actual W and L values used are shown with the circuit diagram in Fig 5.8.
Mietec’s typical SPICE Level 2 pMOS and nMOS transistor parameters were
used in the hand calculations, namely transconductances Ky=17pA/V?,
Ky=57pA/V? and thresholds |V|=0.9V. V=5V and V=5V were used.

The current source I, was designed to have a value 150pA when biased at
V4=3.5V. The bias network was optimised for low current L;,,=12.2pA, and
small transistor areas. The gain and saturation conditions were determined
using the values of K=Ky(W/L) and V,. Current I 4, in the bias offset
transistors depends on V,. Estimated power consumption for the OTA is
calculated from the total DC current 2L, + L, + 2Lg. = 316pA with
V,=1.39V, which gives 3.16mW with a +5V supply.

Transfer functions for the OTA were simulated using both SPICE Level 1 and
Level 2 models using parameters supplied for ’typical’, ’slow’ and ’fast’

Mietec processes. The results are shown in Fig 5.9.

’Slow’ models have smaller transconductance gains K, and Ky, and 'fast’
models have larger gains, with other parameters scaled accordingly. The
Mietec process has a 2.4pm smallest feature size which is obtained by
shrinking a 3pm layout by 80%. Therefore all simulations were done using
multiples of 2.4pm for the W and L values which enabled layout to be carried
out using multiples of 3pm, thus simplifying layout measurements. An output
load resistance of 43.8kQ was used to give a voltage gain close to unity. The

voltage offset bias of 1.39v used in the simulations gave an estimated

tranconductance gain of 23.6pA/V, using Level 1 simulation, confirming hand
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calculations.

Output Voltage

Input Voltage

Level 1 Level 2 (Typlcal)

erove—————-

Level 2 (CFast) 77  Level 2 (CSlow)

Fig 5.9 SPICE simulation using Level 1 and Level 2 MOS models

Use of the Level 2 model gave similar results. The small signal
transconductance gain was 22.6pA/V for the Level 2 (typical) simulation. The
gains for the Level 2 (fast) and Level 2 (slow) simulations were 26.6pA/V and
17.8pA/V respectively, which is a spread of approximately +5pA/V about the
typical gain characteristic. It was also found that the input referred offset is
dependent on the process parameters, ranging from -120mV in the *slow’ case
to 67mV in the ’fast’ case. "Typical’ offset was -20mV. In addition to transfer
function measurements, the variation of DC gain G, with applied absolute bias
offset voltage Vj (s0 V, = 5§ - V;) was also simulated. Each gain value was
obtained by measuring the slope of the voltage transfer function around the
zero input voltage point, and dividing by the load resistance. Results from this
simulation are shown together with measured results in Section 5.4.5 (Fig

5.16). The power consumption using SPICE Level 2 was 3.73mW.
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5.4.3 Layout and Post-layout Simulations

The OTA was divided into 3 main sections for the purpose of layout; the OTA
body consisting of differential pairs and current mirrors, the current source
transistor, and the potential divider network for biasing the current source. It
was decided to design these as seperate cells of height 260pm so as to fit the
Mietec Standard Cell format specified in the Mietec Design Kit. The drawn
cell width for the cells were 70pm, 40pm and 160pm respectively for the
current source bias, current source and OTA body. Non-minimum sizes were
used wherever possible to reduce the effect of area reductions due to mask
undercut and overetching. Therefore all transistors have minimum drawn
lengths or widths of 6pm except the current source, which was redesigned to
length 4.5pm in order to reduce its overall size. The OTA body was designed
to be as symmetrical as possible, not only in the position of the transistors, but
also in the connections between them. All pMOS Transistors with different
source voltages are placed in seperate n-wells with body-to-source connections

in order to minimise body effect. All nMOS transistors have source-to-

substrate connections.

Fig 5.10 shows the 3 cells connected together revealing the compact nature of
the overall design. The total drawn OTA dimensions are 260pm x 270pm
which gives a total area after the 80% shrink of 45000pm?. It was noted that
since the exact size of the current source is not critical, it may be possible to

use the same current source bias network for several OTAs, with a saving in

area and power consumption.

After layout, the MOS transistor source and drain areas were measured, for use

in AC characterisation. SPICE Level 2 models junction and sidewall parasitic
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Fig 5.10 Layout of OTA

capacitance between the source and drain regions and the substrate, requiring
knowledge of the junction areas and sidewall perimeters. The area is obtained
from the product of L; (junction length) and W (transistor width) both scaled
by 80%, and the perimeter is obtained from 2(L,;+W). Junction capacitance per
unit area and junction sidewall capacitance per unit length are specified in the
SPICE parameter list. In addition, parasitic capacitance between the gate and
each junction due to overlap caused by lateral etching is modelled using the

undercut parameter LD, and the respective overlap capacitances per unit area.
The measured drain dimensions were added to the SPICE Level 2 netlist. The

source dimensions were not used in practice, since the use of substrate

connections acts to short out any junction capacitances.
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Fig 5.11 shows the results of the Level 2 AC analysis using the modified

netlist. It can be seen that the simulation predicts a flat response up to 1IMHz.

OTA POST LAYOUT AC ANALYSIS
8-0ECOE 11 2 B
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Fig 5.11 HSPICE Level 2 AC Analysis of OTA

The prototype 40-pin d.i.l. chip "NEURAL’ shown in Fig 5.12 was designed
to measure the performance of the separate cells (OTA1), and complete OTAs
constructed by abutment of the three cells (OTA2,3). Also included were 3
double-poly capacitors of area 6400pm?, 25600pm?, and 5760pm’
corresponding to capacitances of 3.2pF, 12.8pF and 28.8pF respectively. 10pF
is the typical capacitor value used in subsequent integrator, filter and oscillator
simulations. 1pF is the smallest practical value limited by parasitic errors. This
should be compared to the later result given for an OTA loaded only by
another OTA which has an input capacitance of approximately 10fF. 100pF is
the largest practical value limited by area. From the Mietec data, the
capacitance is (0.540.1) fF/um’® (typical) for poly-over-poly capacitors.
Therefore a 10pF capacitor has an area of 20000pm®.

A Mietec standard cell library bandgap voltage reference cell (CHBGPC) was
also included for additional fabrication tolerance testing, since this provides a

127



CHAPTER § VLSI IMPLEMENTATION OF FDM

simple comparison with documented values. Two pins were connected
internally in order to provide an independent measure of I/O pad capacitance
if required. Four types of standard cell /O pad were used. Power pads PFEVDD
and PFVSS were used for the power supplies. Diode protected pads PFPDD
were used for inputs, except for the capacitors since the use of such pads
might introduce unwanted parasitic. Direct PFPAD pads were used for all
outputs and the capacitors. Two pins, In and Out, were connected internally via
pads PFPDD and PFPAD in order to provide an independent measure of I/O
pad capacitance. The pins Vdda are separate positive (+5V) power rails, Vssa
is the negative (-5V) power rail connected to substrate. For each OTA; Vsb is
a test output to measure the current source bias voltage, Vb is the bias offset
input, Vminus and Vplus are the inverting and non-inverting inputs, and Iout
is the current output. In OTAL, extra test pins were used; Vsblin and Isslout
are the current source input and output nodes used for independent
measurement of the current. When Vsblin and Isslout are connected to

Vsblout and Isslin respectively, OTAl is architecturally equivalent to
OTA2,3. C1-3 are the top plates of each capacitor.
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21 Vddal  OTAI +5v Supply
2 lsloat OTAI Souwes op
2 Imln  OTAI Souce ifp
2 lmtl  OTAI Ougat

25 Vb1  OTAI Gain Cantrol
26 NC  Not Commected

27 Vmionsl OTAI -ve inpat

28 Vplusl OTAI +ve input
29 Veblm OTAI Biss input

30 Vsbloat OTAI Biss ofp
31 Vi -ve Supply (-5V)
32 Vpim2 OTA2 +ve inpat
33 Vmims2 OTA2 -ve inpat
14 Vdd4  Vref +5v Supply 34 NC Not Commected
15 NC 38 NC Not Connected
16 NC 36 NC Not Cannocted

17 NC
18 C
19 2
20 C1

37 Vo2 OTA2 Gain Control
38 lm2  OTA2 Output
39 Vb2  OTA2 Bias ofp
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Fig 5.12 "NEURAL’ IC pin allocation
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5.4.4 Simulation of OTA Filter and Oscillator Circuits

Further information is obtained from small signal (AC) analysis at the circuit
level. Ideally, the OTA is a voltage controlled current source. As stated
previously, the main non-idealities can be modelled adequately by introducing
a lumped input capacitance, and output conductance to the ideal VCCS. The
output conductance can be determined from the small signal values given by
SPICE, using an integrator circuit, since the combination of output
conductance and integrator capacitor form a low pass filter. The capacitor can
be chosen to be much larger than any parasitic capacitances, so that these

higher frequency poles can be neglected in the analysis. The "leaky’ integrator
has the amplitude response,

A@ = _—_5n (5.4)

where g, and g, are the small signal transconductance gain and output
conductance respectively. C is the integrator capacitor. The DC voltage gain

is given by g,/g, and the -3dB frequency by g/C. Therefore it is simple to
obtain g, and g, from the SPICE AC analysis.

Fig 5.13 shows the values of g, and g, obtained for varying values of bias
offset V, using a 10pF capacitor. It is clear that the output conductance cannot
be ignored in the calculation of filter transfer characteristics. There is a small
variation in g, with V, due to variation in the DC bias point, but the value will

be assumed constant in the following simplified analysis.
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Fig 5.13 Small Signal parameters obtained
from SPICE simulation of OTA-C integrators

An integrator circuit was also simulated replacing C with an OTA input, in
order to verify the size of the lumped parasitic capacitance. This was found to

be of the order of 10fF, too small to be of significance in this analysis.

Further simulation was carried out for the filter of Fig 5.4 and the oscillator

of Fig 5.5. Analysis of the filter circuit using the non-ideal OTA as a building
block results in the transfer function,

C
H(s)- ; e o 2
C,C,s" +(C,8,5%2C, 8,4C, 8, )5 + 8,y 8,2%28.48, 8,5

(5.5)

Compared to the ideal case, the output conductance terms cause a lowering in
the values of Q and centre frequency gain obtained. They also introduce a

dependence between the tuning of Q and the centre frequency, since g, now
affects the centre frequency.
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Fig 5.14 shows the values of centre frequency and corresponding gains for
different values of offset bias V, and C, obtained from both SPICE Level 2
simulation and analytical determination of the amplitude response using
equation (5.5). In this simulation V,; and V,, were both fixed at 3V and C,
was fixed at 10pF. The values of g, and g, used in the calculations were
obtained from Fig 5.13. The results show that the analytical approach is a

reasonably good approximation to that of the full simulation approach, when

the values of g, and g, are known.

Fig 5.14 Comparison of SPICE Level 2 simulations and analytical
calculations of OTA-C Bandpass filter characteristics.

For the oscillator, similar analysis using the non-ideal OTA results in the
characteristic equation,

C1C2s2+[C1(8m3+g,)‘C2(gmz-2go)]s+gmgnz+2g:+go(2gw-gm2) =0 (56

Again, the ideal equation is modified by the output conductance. In particular,
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the oscillation condition is modified to,

C,8, 2 C, (g,+8,)+2C,8, (5.7)

It is seen that non-zero output conductance also introduces a dependence

between oscillation condition and oscillation frequency.

SPICE transient analysis was used to simulate the OTA-C oscillator circuit,
using capacitor values of 10pF, and V,, and V; fixed at 3V. V,, was gradually
increased until oscillation occurred, and then further increased to determine the
approximate frequency of oscillation. This was necessary because simulation
time is much reduced for a small deviation in V,, above the point of onset of

oscillation. The error introduced by this approximation is not very large.

Using the previously determined values for g, and g, oscillation was predicted
to occur for g,,=57.0nA/V corresponding to V,,=2.8V. SPICE Level 2
transient analysis yielded V,,=2.9V as the minimum voltage required for

oscillation to occur, corresponding to g,,=58.5pA/V.

A comparison of the SPICE simulation and calculated values of oscillation
frequency, for V,,=3.0V, gave 360kHz and 340kHz respectively.

These simulations conclude the SPICE Level 2 results obtained for the OTA,
showing how it fits into the overall scheme as a building block for filter and
oscillator designs. From the above results it is clear that further design could
have been carried out to reduce the output conductance of the OTA, and thus

minimise the non-ideal behaviour of the filter and oscillator circuits. However,
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it was decided to proceed with fabrication in part to verify the feasibility of the
Mietec route to silicon, and in part to obtain results quickly enough to obtain
a comparison of simulated and actual performance of the IC, so as to verify

the accuracy of the simulation models used.

5.4.5 Post-fabrication Testing

Seven chips were used for testing. The test procedure was begun with static
measurements, followed by transfer function determination and dynamic
testing. A power supply of +5V was used throughout. For the DC tests the
output of each OTA was measured by connecting the output to a grounded

43.8kQ resistor, the same value as used in the simulations.

DC tests included the Mietec Standard Cell (CHBGPC) bandgap reference
voltage measured with respect to Vss, the Source Bias Voltages V,, of OTA1-3
on each chip, and the power supply current of each OTA. The outputs were
buffered using a zeroed FET input op-amp, the output of which was measured
with a calibrated voltmeter. The buffering is especially important for the
voltage reference, since it has high output impedance. By virtue of the voltage
reference and each OTA having a separate power supply, it was possible to

ground all pins not being used in each test, and thus isolate different parts of

the chip during measurement.

Results from all chips were consistent, with little variation from chip to chip
and between OTAs on the same chip, but were found to be quite different
from those predicted by simulation. The measurement of source bias voltage
V,, for all 21 OTAs gave values 3.6110.01V. In comparison with simulation
results 3.52V (typ), 3.31V (slow), and 3.74V (fast) this indicates a process
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which is ’faster’ than typical. Power consumption values were measured to be
3.6+0.3mW, close to the simulated value of 3.73mW. Of more concern were
the reference cell voltages, which were all outside the range specified by
Mietec. Measurement gave values of 1.2410.03 compared to the documented

values of 1.14 (typ), 1.09V (min) and 1.19 (max).

Results of measurement of transfer functions at fixed gain are shown in Fig
5.15. Results for OTAl only are shown, but results for OTA2,3 closely
matched those of OTA1. Gain was fixed by using V,=1.39V for all OTAs, as
used in the simulations. Also shown is a comparison with the simulations using
*typical’, ’fast’, and ’slow’ SPICE Level 2 parameters. It can be seen
immediately that these results obtained are different from those predicted by
simulation. Gains are lower than typical by a factor of 2 and offsets are higher
by a factor of 10. Linearity is maintained over an input range greater than
predicted. Linearity error compared to straight line best fit is less than 2% for
a dynamic range of +3V for all 21 OTA transfer curves, using a power supply

of £5V. The simulation results predict the same linearity for inputs only up to
12V.

DC gain G,, was varied with Vg (so V, = 5 - V) to obtain the curves shown
in Fig 5.16. Each gain value was obtained by measuring the slope of the
voltage transfer function around the zero input voltage point, and dividing by
the load resistance. It can be seen that values of gain from 5 to 35pA/V are
attainable. Variation of gain of similar components from chip to chip is small.
The standard deviation of the gain values measured for all 21 OTAs from the
gain curves was at most 5.7% of the mean. Again there is a large discrepancy

between the measured results and the ’typical’ simulation plot which is also
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shown in the diagram.

Common mode rejection ratio (CMRR), and power supply rejection ratios were

measured for balanced supply (PSRR) and single rail (PSRR*) supply

deviations.

CMRR is defined as gm/gm_, expressed in dB, where gm_, is a common mode
gain derived from the rate of change of offset voltage with applied common
mode input voltage. The measured value of CMRR was 22+2dB for all OTAs.

PSRR is defined as gm/gm,, expressed in dB, where gm,, is a balanced power
supply gain derived from the rate of change of offset voltage with power
supply voltage, where both positive and negative supplies are deviated

simultaneously in opposite directions. The measured value of PSRR was
30+1dB for all OTAs.

PSRR’ is defined as gm/gm,,, expressed in dB, where gm,,, is a power supply
gain derived from the rate of change of offset voltage with power supply

voltage, where only the positive rail is deviated. The measured value of PSRR*
was 4613dB for all OTAs.

Capacitor measurements were carried out using a Boonton capacitance meter
(model 72B) with zero bias. Values for C1, C2 and C3 were found to be 33pF,
18.3pF and 7.0pF respectively. Differential measurement was used to cancel
out I/O and lead capacitance which was carried out by connecting the *in’ and
*out’ terminals of the chip to the DIFF input of the meter.
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Fig 5.15 Measured transfer characteristics for OTA1l
comparing simulation results
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Fig 5.16 Measured gain characteristics for OTAl
comparing simulation results
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3.4.6 SPICE Level 3 Simulations

It is clear from the above comparison of measurements with SPICE Level 2
simulations that the accuracy of the simulation was not good enough. At the
time of design, only MOS Level 2 model parameters were available from
Mietec. After the chips were received and tested, extracted Level 3 parameters
from the process were received via Eurochip which has enabled further
simulation to be carried out retrospectively, in an attempt to reconcile
simulation and measurement. The following graphs from HSPICE show much
better agreement between simulation and measurement using MOS Level 3
model parameters. Fig 5.17 shows the comparison of the transfer functions and
Fig 5.18 shows the comparison of the gain characteristic. In both figures, the
solid line is the measurement and the broken line is the simulation. Fig 5.19
shows the simulated SPICE Level 3 frequency response curve. The range of
the flat response is the same as that predicted by SPICE Level 2 (Fig 5.11).

The DC gain is smaller since g, is smaller but the same resistive load was

used as in the Level 2 simulations.

A comparison of the Level 3 simulation with the analytical approach using
equation (5.6) was also carried out for the bandpass filter circuit of Fig 5.13.
Values of g, and g, were obtained from Level 3 simulation of an integrator
with a 10pF load and equation (5.5) and are shown in Fig 5.20. The values of

capacitors in the filter were also 10pF. The result of the comparisons are

shown in Fig 5.21.

It is seen that the simplified calculations using equation (5.6) give a good
approximation to the simulated results, as they did for Level 2. This also

suggests that the values of g and g, are critical in determining the difference
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in the results obtained in Level 2 and Level 3 simulations. Both values are
strongly dependent on the value of channel length modulation parameter A
used in the SPICE MOS models as the gradient of the I~V characteristic. In
the case of Level 2, A is supplied by the foundary and entered explicitly into
the model as a fixed parameter i.e. the I.-V, slope is assumed constant. In
Level 3, channel length modulation is calculated by SPICE, so that the I,-V,
slope may vary with V. It is suggested that the reason for the poor
performance of the Level 2 simulations is due to the highly non-linear I-V,,
slope of the Mietec transistors, which cannot be modelled in Level 2. Mietec
have also recently recommended (in document MIE/FA)2, Revision 2, 20/8/92)
an empirical method for calculating A for different transistor lengths, in an
attempt to improve the Level 2 simulation, but preliminary investigations using

the technique have not shown any improvement in the accuracy of simulation
of the OTA.
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Fig 5.17 Comparison of OTA transfer function measurement (solid line)
and HSPICE Level 3 simulation (broken line).
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Bias Offset Vb,

Transconductance Output Conductance

Volis Gain g, pA/V 8. BAV

4.0 36.8 3.13 :ﬂ
35 36.80 3.13

30 32.80 3.16

25 25.81 3.17

20 19.77 3.19

1.5 14.25 323

1.0 9.10 326

Fig 5.20 Small Signal Parameters obtained from SPICE Level 3 simulation of

OTA-C integrators.

Fig 5.21 Comparison of SPICE Level 3 simulations and analytical calculations
of OTA-C bandpass filter characteristics.
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5.5 Adaptive Tuning Techniques
This section considers the VLSI implementation of filters and oscillator circuits

with respect to process variation, and discusses in particular existing methods

for adaptive tuning of OTA-C circuits.

Designers of switched capacitor filters generally use ratios throughout the
circuit and the transfer functions thus obtained are subject only to tracking
errors, which may be minimised by careful design. Broad tuning is
accomplished using the switching clock frequency. At higher baseband
frequencies lowering of the switching-to-signal frequency ratio is often
required which puts additional constraints on the anti-aliasing filters used to
prevent aliasing of higher frequencies back into the baseband. As sampled data
systems, all switched capacitor circuits are susceptible to the aliasing of h.f.
noise and clock/signal mixing products, and detailed analysis is difficult™*®,
Switch feedthrough is also a problem. Therefore switched capacitor filters are
used extensively for audio applications, but not so much for higher
frequencies, although some examples exist™™*, In addition, special simulators
are often required for switched capacitor circuits which makes simulation of
mixed designs (digital, switched analogue and continuous-time analogue) a
difficult task.

5.5.2 Continuous Time HFiters

For higher frequencies, continuous-time active filters are preferable. VLSI
implementations are based on MOS resistors®*® or operational
transconductance amplifiers™'¥), and capacitors. The latter is the OTA-C type

of circuit discussed in section 5.3.1.

142



CHAPTER § VLSI IMPLEMENTATION OF FDM

In continuous-time filter design, the filter poles usually depend on absolute
values of the circuit components rather than ratios, so ratios cannot be used
directly to ensure accurate transfer characteristics. Consequently, since absolute
values cannot be guaranteed, the circuit must be adaptively tuned by an
external signal. OTA-C filters are particularly good candidates for adaptive
tuning since the OTA gain is used as a design parameter of the transfer

function, which is controlled by an external voltage (or current).

The most obvious tuning technique is to use a Phase Locked Loop (PLL),
where a voltage controlled oscillator (VCO) is locked in phase to an external

signal, and therefore oscillates at the same frequency.

This technique, usually called master-slave tuning, was first used by Tan in
1977 for audio frequencies®™” and later by others®4'“¥ for higher frequencies.
The master is the VCO which incorporates a minimal 2nd order stage of
similar architecture to that present in the filter to be tuned (the slave), so that
the same control voltage (or current) is applied to the VCO and the filter
simultaneously, thus fixing the filter pole frequency relative to that of the
VCO. Fig 5.22 shows the basic technique. Accuracy depends on the good
tracking between VCO and filter component values on chip, i.e. on precise

component value ratios between master and slave.

There is a trade-off in practice between the need to make the VCO frequency
outside the filter pass band in order to avoid cross-talk between the filter and

VCO signals due to capacitive coupling, and the need to make the master and

slave identical in order to minimise matching error!>3:4*
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Fig 5.22 Adaptive ladder filter with tuning using an on-

chip VCO (after Tan 1977)
A more recent variation uses another filter as the master rather than a VCO,
sometimes called a Frequency Locked Loop (FLL)*4**", Using a master filter
rather than a VCO is thought to better model the slave’s response, since the
slave is also a filter®, In this case the master filter has an external fixed-
frequency input, and the filter is tuned by adapting the (frequency dependent)
phase difference between output and input so that it is consistent with the
desired resonant frequency. For a bandpass filter this can be achieved by
comparing the phase of the reference input signal with the lowpass (or
highpass) output of the master bandpass filter, as shown in Fig 5.23. For a

bandpass filter the output of the phase comparator is constant when the two
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inputs differ in phase by 90 degrees, which occurs only at the bandpass centre

frequency.
MASTER FILTER
Vref | | Viowpess
Phase
Comparator|
Vcontrol
SLAVE FILTER
Vin | Vout |

Fig 5.23 Frequency Locked Loop using a master filter

Comparison of an on-chip MOS resistor with a precise external resistance has

also been used for tuning continuous time monolithic filters'3*,

At high frequencies there are inevitable phase shifts due to parasitics.
However, Van Peteghem shows that these effects do not cause frequency
tuning problems in the filter because the parasitic poles are at much higher
frequencies than the passband®'®.. Parasitic phase shifts can, however, affect
gain at resonance and Q. For this reason, some designers have used multiple
tuning loops to control not only the cutoff or centre frequency, but also
Q442 This necessitates the use of several external signal frequencies. These
techniques are used mainly for high Q, high frequency circuits with tight

specification. Q control is not needed in systems requiring less fine selectivity.
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5.6 VLSI Architecture for FDM Communications

Considering the previous five sections, it is now possible to define the type of

architecture required for the VLSI inter-chip FDM communication system.

OTA-C circuits can be used to construct banks of oscillator and filter
circuits®™**#%, This allows the use of a single OTA building block throughout
the system which will speed up the design process considerably. Typical OTA-
C implementations of oscillators and filters (as shown in Section 5.2) have
resonant frequencies proportional to products of the capacitances or
transconductance gains. Ratios of these products can then be used from filter
to filter and oscillator to oscillator, so that relative frequency values within
each bank can be ensured within the limitations of tracking error.

However, the modulation and demodulation circuitry are on different chips and
are therefore subject to the larger absolute errors caused by differences in the
fabrication process. Therefore, tuning is required for both chips. Precise
absolute frequencies are not necessary so long as the set of oscillator and filter
frequencies match up, which is a much reduced constraint when compared to
the specification for most filter designs. This situation is ideally suited to an
adaptive technique where both chips are tuned using the same external signal.

Because of low tracking errors on a chip, it is possible to use a single tuning
circuit for a bank of oscillators or filters. In contrast, a bank of switched-
capacitor filters would require a bank of anti-aliasing and/or smoothing filters.
This is, of course essential to the technique, because only one pin will be

necessary per chip for this purpose. In addition, the same phase comparator
circuits can be used for the modulation and demodulation systems,
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Since the intended application for the FDM is a neural network, overlap of
filter responses can be tolerated up to 30%"*". Therefore low Q filters can be
used, which have the advantage of reducing chip area requirements. In
addition, low Q filters will not be so severely affected by any parasitic phase
shifts in a tuning loop, because a small mismatch between oscillator and filter

frequencies will not cause such a large amplitude response error.

Therefore, the proposed VLSI implementation of the FDM communication is
constructed from OTA-C filter and oscillator circuits, with tuning based on the

master-slave technique. The form of this architecture is shown in Fig 5.24.

The filter chip has an on-chip master filter which models the architecture of
the bank of demodulation bandpass filters, and is used in a FLL. Because of
the intended simple nature of the slave filters, each filter (master and slaves)
can be constructed from a single second order stage. The master is locked in
centre frequency to an external clock f,, and the same control voltage V.

sets the centre frequency of all the filters in the bank which differ in frequency
by fixed component ratios.

The oscillator bank has an on-chip master oscillator which is locked to the
same external clock as the filter bank by a PLL. The same control voltage

Ver o Sets the frequency of all oscillators in the bank. The amplitude of each
oscillator is modulated by its neural input.

In addition to frequency control, amplitude control is also needed for the

oscillators, to ensure start-up and for amplitude limiting. This can take the
form of the Automatic Gain Control circuits of Barranco®*,
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Fig 5.24 Block diagram of the proposed FDM inter-chip communications
system VLSI implementation.
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5.7 Discussion

The results of the VLSI design can be analysed in two ways. Firstly, it is seen
that the qualitative functional behaviour of the OTA circuit is correct. However
the output conductance may be improved and the chip area reduced by
subsequent design iterations. The output conductance can be improved by the
use of current mirrors with lower output conductance (such as the Wilson
current mirror). The overall chip area consumed by an OTA-C filter or
oscillator can be estimated by adding the areas of the OTAs and on-chip
capacitors. For a typical design consisting 3 OTAs and 2 capacitors of 10pF,
this area estimate is 200000pm?, which is rather large. The area of the OTA
is approximately twice that of a 10pF capacitor. Power consumption is
approximately 10mW. To reduce the chip area, some restructuring of the OTA

area would be advantageous. Optimisation of cell area at the filter/oscillator
level may be preferable to optimising a single OTA. A reduction in both the

transistor sizes of the OTA and the capacitance values should be considered.

Secondly, it has been shown that whereas the HSPICE simulation with Level
2 MOS models does not give adequate agreement of simulated and measured

results, use of Level 3 Models gives much better results and should therefore
be used in all future work.

It has also been shown in this chapter that analysis using a simplified OTA
model (specifying only g, and g) can be used to give results which
approximate to those achieved by simulation, which is useful for hand
calculations. Variation in process parameters also give rise to different values
of frequency, Q, and different oscillation conditions than those calculated from
simulation, which also justifies the use of the analytical approach for hand
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calculations of approximate values. This could prove invaluable in the

appraisal of future designs of filter and oscillator circuits using OTAs.

A design route though to silicon has been proven using the Mietec 2.4pm
CMOS process for a full custom analogue design, which forms a basis for

future work on the VLSI implementation of the FDM system.
An adaptive solution to process variability in the FDM system has been

proposed, using the master-slave tuning method for both the filter and
oscillator circuits, employing the OTA as a functional building block.
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CHAPTER 6 - CONCLUSIONS

This final chapter brings together the work presented in the thesis, with
reference to the Aims and Objectives summarised in Chapter 1. This chapter

also points the way to further work and research possibilities, using the thesis

as a starting point.

6.1 Objectives achieved

The first aim of the work was to investigate the proposed VLSI design of an
inter-chip Frequency Division Multiplexed (FDM) communication technique
with respect to past and current research in neural network hardware design.
This was achieved in Chapter 2 through a detailed coverage of published
research in the field, including a critical review of several state-of-the-art
analogue hardware implementations. It is seen that the communications

bottleneck is a real problem for the implementation of large neural networks

where the network must be implemented using several neural chips.

The next objective was to introduce the idea of FDM as a communication
method for highly connected architectures. This was carried out in Chapter 3,
comprising a mathematical formulation for the bandwidth achievable for a
bank of filters, as used to demodulate the FDM channel. This took into
account the effect of overlapping the amplitude response curves of the filters,
by introducing a fractional overlap parameter to the formulations. As
explained, increasing this overlap acts to increase the number of signals it is
possible to multiplex, at the expense of errors caused by crosstalk between

signals. Further analysis was carried out, this time using analogue electronic
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building blocks to construct a model of a hypothetical multiplexed
communication system utilising either TDM or FDM. This enabled a good
comparison to be made between the bandwidths achievable in these
implementations, and allowed estimates of power consumption to be made,
based on realistic architectures. It was concluded that FDM is indeed a
candidate for inter-chip communication of analogue information, provided a
degree of overlapping of filter responses is allowed, so as to give an
acceptably small spacing between carrier frequencies in the channel.

Chapter 4 examined the effect of such an overlap on neural network
performance. To this end, a flexible software simulator was designed to enable
the simulation of a multi-layer-perceptron neural network. The software
incorporated the fractional overlap defined earlier in the thesis, in order to
examine the effect of this overlap on the leaming of classification problems.
The results of this work were encouraging, since it was shown that the neural
network model was highly tolerant to large overlap errors, even when weights
are quantised. Analysis of the learning performance for the classification
problems used, with varying amounts of overlap, showed there is practically
no degradation in either the speed of learning or number of classifications
learnt for overlaps of up to 30% of adjacent signal amplitudes. Even for
overlaps of 30-50%, it was shown that the neural network is still able to learn
many of the classifications, although both overall learning time and proportion
of non-converged trials is increased. It was shown that both the
backpropagation and weight perturbation learning algorithms perform well with
weights quantised to 8-bits, provided a probabilistic update strategy is
employed. The implications of this for electronic implementations are two-fold.

It is possible to overlap filter response so that as much as 30% crosstalk of
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adjacent signals have negligible effect on network operation, and the network
can still learn for larger overlaps. Thus, signals can be multiplexed in a given

bandwidth. Alternatively, lower Q factors for the filters can be tolerated.

Complementing the theoretical and software work, Chapter 5 achieved the
objective of defining the implementation of FDM in VLSI, including a review
of relevant analogue design techniques, active filter design, and the
presentation of results from the design of a prototype full-custom analogue
chip. This chip, an Operational Transconductance Amplifier, is a building
block for both oscillator and filter circuits which can be used in FDM circuitry.
The review sections show the advances which are being made in analogue
VLSI design of active circuits, which provides the basis for realisation of the
FDM scheme. In spite of the difficulty in achieving a good agreement between
the measured characteristics of the fabricated chip and the original simulations
using the SPICE Level 2 MOS transistor model, a more accurate Level 3
model used in retrospect gave a much closer agreement, and gives confidence

for the accuracy of future designs using the Mietec 2.4p process.

In addition, Chapter S has presented the architecture of a VLSI implementation
of FDM using an adaptive tuning method, which is necessary to ensure the

system will be tolerant to fabrication parameter variations. It was seen that
only one tuning circuit is needed per chip, since on-chip matching of

components ensures accurate ratios of frequencies to be achieved.

In summary, this work has developed the ideas for a technique which stands

to further the field of analogue neural network design by removing the
communications bottleneck in the system.
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6.2 Further Work

There are a number of ways in which further work may be carried out, using

this thesis as a basis.

6.2.1 Direct Extension of the Research

Firstly, direct extension of the work will involve more VLSI design. Chapter
5 provides a clear path for the realisation of the system architecture in VLSI,
but more work will be necessary to complete the design at the silicon level.
This will involve further simulation using circuit simulator and IC design CAD
tools, and fabrication of the chips thus designed. This will benefit from the
availability of more advanced design tools, such as interactive extraction of IC

layout information, and the existence of more accurate MOS transistor models

suited to analogue design.

The following text proposes a detailed work plan for the next stage of the
work. The final goal of this work is a complete FDM neural network. The
research is divided into three phases, which will yield intermediate results, and
allow the project to be evaluated at fixed stages. Phase 1 will be the
refinement and design of the FDM communications circuitry. Phase 2 will be
to implement in VLSI a small analogue FDM neural network, to verify the
idea. Phase 3 will be to extend Phase 2, and will be to construct a complete
neural network system under software control, implementing a large number

of neurons, which will be used for real world applications. Details of the three

phases are as follows.

PHASE 1: The goal of this first phase is to produce a prototype FDM inter-

chip communications system using around 8 different frequencies. This system
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will not contain any of the neural network components and will involve the

following tasks:-

11

12

13

Refine the existing OTA building block.
The transconductance amplifier will be refined to improve output conductance and reduce

chip area. Conseguently, new prototypes will be produced and tested.

Design, layout, fabrication and testing of filter, oscillator, peak detector and phase-
locked loop (PLL) control circuifry.

OTA oscillators and filters will be designed, laid out and verified using the Eurochip
Mentor/Mietec route. Also included on this chip will be the PLL control circuitry and
peak detectors. A prototype chip will be fabricated and the results analysed. If necessary,
a second prototype will be produced before proceeding to task 1.3.

Integration of a small FDM system.

This is the goal of the first phase. Here a small non-neural network FDM system is to be
fabricated. This will incorporate the FDM modulation/demodulation scheme on two chips
implementing around 8 multiplexed channels (the exact number depending upon the

silicon area used). These two chips will communicate with each other via a single FDM
pin.

PHASE 2: The goal of the second phase will be to implement a small neural

network using a single FDM wire to communicate between chips. This will

involve the following tasks:-

2.1

2.2

VLSI design of neural synapses and neurons.

The synapses will be implemented as analogue multipliers and the neurons as current
summers incorporating a non-linearity function.

VLSI layout and prototyping of neural components.
The neural components in task 2.1 will be laid out and verified at the silicon level. A
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23

prototype chip will be fabricated and tested. Again, a second iteration may be necessary
at this stage.

Integration of a small neural network FDM system.

This is the goal of the second phase. Here, a small neural network system is to be
implemented, with around 8 neurons, the exact number depending upon the silicon area
taken up by each neuron. The FDM circuits from Phase 1 and the new neural components
will be laid out together on two chips, which will communicate using FDM. These
prototypes will be tested and the ability of the neural network to cope with various filter

overlaps will be analysed. The network will be trained using a number of test problems,
designed not to exceed the number of neurons available.

PHASE 3: The third phase will extend the work of Phase 2, and lead to the

realisation of a larger neural network architecture. It will then be possible to

train the network on a number of real world problems. This will include the
following tasks:-

31

32

Integration of a larger number of neurons.

This will be achieved by producing a larger chip and by combining multiple chips to
form layers of neurons, all communicating by FDM. The system will be embedded in a
microprocessor system with a software interface.

Train the neural network on real-world data.

The performance of the extended network will be verified by applying it to pattern
recognition problems. This will include speech and visual image data.

There is a great scope for the full realisation of this idea and the potential for

many important intermediate designs and spin-offs, for example; analogue

VLSI filter and oscillator designs, tuning techniques, and methods to ensure

invariance to IC processing parameters.
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Apart from this thesis, some work is being carried out in the research group
towards the realisation of the FDM technique in hardware at the system level,
which is currently in a stage of development. This work has involved
construction of analogue neural network hardware prototypes using off-the-
shelf components, implementing a small number of neurons which can
communicate using FDM. These neural network circuit boards are designed to
be interfaced to a host computer so that learning can be carried out in

software, using the neural network in the training loop.

A development route is therefore possible combining the above and the work
of this thesis, which would involve gradual replacement of the off-the-shelf
components on the circuit boards by the VLSI prototypes. In this way, it will
be possible to test individual VLSI circuits in a system environment before an
entirely VLSI neural network is constructed. This is a top-down hardware
approach for the neural system, but a bottom-up approach for the VLSI, which

enables all chips to be evaluated as the hardware design progresses without
losing sight of the system as a whole.

Between the system and VLSI circuit level, this project would also benefit
from more computer modelling of the neural network, as an extension of the
software simulation work reported on in Chapter 3. The simulations of Chapter
3 are somewhat abstracted from hardware implementation in that once the
overlap parameter is chosen, the mixing of neuron outputs are simply the linear
addition of a neuron’s amplitude with its nearest neighbour’s, multiplied by the
overlap parameter. This is justified for ’ideal’ linear transfer functions for the
filters, but does not include the effects of non-linearity, nor of process

variations which may cause deviations from the desired frequency responses.
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These effects could be included into a more sophisticated computer model, to

further test the neural network learning performance.

Design of analogue memories and realisation of on-chip learning is a great
priority in the field of neural network hardware. Although the systems
considered above use a learning method based on an external digital
microprocessor for learning and permanent weight storage, work should be
carried out in the areas of on-chip weight storage and on-chip leamning. It
should be possible to apply the FDM technique for the communication of
weight values in the neural network system, in addition to its use for

communicating the inputs and outputs.

6.2.2 Other Ideas and Applications
Analogue VLSI design is an exciting, active, and growing field. The findings
from further investigation in the FDM technique will be of importance for

applications in neural networks, and analogue signal processing in general.

The proposed chip consisting of a bank of analogue filters, would find
applications in speech processing, as an analogue spectral analyser for speech.
Similarly, a bank of oscillators would be used for the construction of a flexible

voice source.

The FDM technique will find use in a general sense for communication of
analogue information between chips and circuit boards. Considering the ability
of a neural network to compensate for crosstalk interference, it would be worth

investigating their application in other analogue and digital systems.
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6.3 Summary

In summary, the main points of this thesis are as follows.

Frequency Division Multiplexing was proposed and justified as a

technique for inter-chip communication of analogue information.

Neural Network learning has been discovered to be highly tolerant to
crosstalk between signals in an FDM channel, due to the adaptive
nature of neural networks. Defining an overlap parameter for the filter

frequency responses enables the analysis of the effects of this crosstalk.

Overlapping of filter responses allows an increase in information

bandwidth, or the use of smaller quality factors which eases VLSI
design.

Hardware implementation of the FDM idea can be achieved using

analogue VLSI techniques. Transconductance amplifiers are a good
building block for this.

The full-custom analogue design route using Mentor Graphics full-
custom CAD software and the Mietec foundry was proven in the course

of this research, which is of benefit to other participants in the Ecad

and Eurochip schemes.

Adaptive tuning techniques should be used to compensate for VLSI

fabrication process variability, when applied to the tuning of banks of
filters and oscillators.
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