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(57) ABSTRACT 

A neural processing element for use in a modular neural 
network is provided. One embodiment provides a neural 
network comprising an array of autonomous modules (300). 
The modules (300) can be arranged in a variety of con?gu 
rations to form neural networks with various topologies, for 
example, with a hierarchical modular structure. Each mod 
ule (300) contains suf?cient neurons (100) to enable it to do 
useful work as a stand alone system, with the advantage that 
many modules (300) can be connected together to create a 
wide variety of con?gurations and network siZes. This 
modular approach results in a scaleable system that meets 
increased workload with an increase in parallelism and 
thereby avoids the usually extensive increases in training 
times associated with unitary implementations. 
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NEURAL PROCESSING ELEMENT FOR USE IN A 
NEURAL NETWORK 

[0001] The present invention relates to neural networks 
and more particularly, but not exclusively, to an apparatus 
for creating, and a method of training, a neural netWork. 

[0002] Arti?cial Neural Networks (ANNs) are parallel 
information processing systems inspired by What is knoWn 
about the brain and the Way it functions. They offer a 
computing mechanism that differs signi?cantly from the 
conventional serial computer systems, not simply because 
they process information in a parallel manner but because 
they do not require explicit information about the problems 
they are required to tackle; instead they learn by example. 
HoWever, rather than being designed and built as computing 
platforms, they are predominantly simulated on conven 
tional serial computing systems in softWare. For small 
netWorks this approach is generally suf?cient, especially 
When considering the improvement in processing speed that 
has been achieved in recent years. HoWever, When real-time 
systems and large netWorks are required, the computational 
burden often requires other approaches. 

[0003] The basic neuron does very little computation on 
its oWn but When large numbers of neurons are used, the 
total computation is often such that even the fastest of serial 
computers is unable to train a netWork in a reasonable time 
scale. The problem is exacerbated because, the larger the 
netWork, the more training steps are required and, conse 
quently, the amount of computation required increases expo 
nentially With increasing netWork siZe. There is also the 
added problem of inter-neuron communication, Which also 
increases With increasing netWork siZe and must be taken 
into account When attempting to implement netWorks on 
parallel systems, because this communication can become a 
bottleneck, preventing substantial speedups for parallel 
implementations. 

[0004] When considering parallel implementation of 
ANNs, it is important to consider hoW the system is to be 
parallelised. This is dependent not only on the underlying 
architecture/technology but also the algorithm and some 
times on the intended application itself. HoWever, there is 
often more than one approach for any particular architecture 
and an understanding of the consequences of partitioning 
strategies is of great value. When using multi-processor 
systems, there are tWo basic approaches to parallelising the 
Self-Organising Map (SOM) algorithm; either the function 
ality of the netWork can be partitioned such that one pro 
cessor may perform only one aspect of the functionality of 
a neuron but performs this function for a large number of 
neurons, or the netWork can be partitioned so that a set of 
neurons (a set typically consists of one or more neurons) is 
implemented on each processor in the system. 

[0005] Partitioning functionality of the netWork is an 
approach that has been used With transputer systems and, 
normally results in an architecture knoWn as a systolic array. 
The basic principle of the systolic array is that the traditional 
single processing element is replaced by an array of pro 
cessing elements With inputs and outputs only occurring at 
each end of the array. The processing that Would tradition 
ally be carried out by a single processor is then divided 
amongst the processor array. Normally, each processor 
Would perform some of the functionality of the netWork and 
that function Would only be performed by that processor. 
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The array then acts as a pipeline of processors, With data 
?oWing in at one end and results ?oWing out of the other. 
Unfortunately, this approach is generally only appropriate 
for moderately siZed netWorks because the inter-processor 
communication overheads become unmanageable very 
quickly and adding more processors does little or nothing to 
alleviate the problem. 

[0006] When partitioning the SOM Wherein one or more 
neurons are implemented on an individual processor, the 
communication overhead is lessened When compared to 
approaches that partition functionality but can still become 
a bottleneck as netWork siZe increases. Coarse grain paral 
lelism is the term generally associated With a number of 
neurons implemented on each processor Whereas ?ne grain 
parallelism is the term used When only a single neuron is 
implemented on individual processors. The communication 
overhead tends to become more prominent as the number of 
neurons per processor is reduced because traditional pro 
cessors are implemented on separate devices and commu 
nication betWeen devices has much greater overheads than 
communication amongst neurons on the same device. Fine 
grain parallelism normally results in a Single Instruction 
stream Multiple Data stream (SIMD) system and is suited to 
massively parallel architectures such as the Connection 
Machine. 

[0007] If the implementation medium is to be in hardWare 
such as very large scale integration (V LSI) or similar, then 
it may be possible to increase the level of parallelism to the 
extent of implementing each Weight in parallel. HoWever, 
this approach does little to improve overall parallelism of the 
system because only part of the functionality is performed at 
the Weight level and consequently, such an approach does 
not lead to the most effective use of resources. The approach 
adopted is ?ne grain parallelism With a single processing 
element performing the functionality of a single neuron. To 
overcome some of the inter-processor communication prob 
lems it is suggested that several processors be implemented 
on a single device With strong short range communications. 

Neural NetWork Implementations 

[0008] In an attempt to overcome the limitations of gen 
eral purpose parallel computing platforms some researchers 
attempted to develop specialised neural netWork computers. 
Such approaches attempt to develop architectures best suited 
to neural netWorks but are normally based on the traditional 
parallel architectures listed above. Modi?cations to these 
basic architectural approaches have often been used in an 
attempt to overcome some of the traditional problems such 
as inter-processor communication. Others have attempted to 
modify existing parallel systems such as the Connection 
Machine to improve their usefulness as neurocomputing 
architectures. Some have even considered recon?gurable 
neurocomputer systems based on Field Programmable Gate 
Array Technology (FPGA) but most neurocomputer sys 
tems, While useful for investigating the possibilities of 
ANNs, are normally too large and expensive to be used for 
many applications. 

[0009] Driven mainly by the application domain research 
ers undertook to investigate direct hardWare implementation 
of ANNs, and as biological neural systems appear to be 
analogue, there Was a bias toWards analogue implementa 
tion. Indeed, analogue implementation of ANNs appears to 
be bene?cial in some ways, eg very little hardWare is 
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required for the memory elements of such a system. HoW 
ever, there are also many problems With analogue imple 
mentation of ANNs because the fundamental building block 
of such systems is the capacitor. Due to the shortcomings of 
the capacitor, such as its tendency to sulfer from leakage, a 
variety of schemes Were developed to overcome these 
Weaknesses. 

[0010] Macq et al proposed an analogue approach to 
implementation of the SOM based on the use of currents to 
represent Weight values. Such an approach may provide a 
mechanism for generating high density integration due to the 
small number of transistors required for each neuron, but 
this approach uses analogue synaptic Weights based on 
current copiers, the principle component of Which is the 
capacitor, Which is prone to leakage. These leakage currents 
continuously modify the value stored by the capacitor 
thereby necessitating some form of refreshment to maintain 
reasonable precision of Weight values. The main cause of 
this leakage is the reverse biased junction. Their proposed 
method of refreshment uses a converter to periodically 
refresh each synaptic Weight. This is achieved by reading the 
current memorised by each cell using successive approxi 
mation and then Writing back to the cell the next upper 
reference current. It is claimed that this approach alloWs for 
on chip learning. HoWever, for the gain factor to reduce With 
time, as prescribed by Kohonen, adjustments need to be 
made to the reset signal, and for the neighbourhood to 
reduce With time the period of one of the timing circuit 
clocks must be adjusted. The impression given is that these 
changes Would require manual intervention. The leakage 
current of capacitors also appears to be the main factor that 
Would restrict the maximum number of memory cells in this 
design. 

[0011] A charge based approach to implementation Was 
suggested in “A Charge-Based On-Chip Adaptation 
Kohonen Neural NetWork” Which claims that such an 
approach Would lead to loW poWer dissipation and compact 
device con?gurations. The approach uses sWitched capacitor 
circuits to store the Weights and the adaptive Weight syn 
apses used utilises parasitic capacitances betWeen tWo adja 
cent gates of the sWitched capacitor circuit to determine the 
learning rate. This Will give a ?xed learning rate, Which Will 
be different for each device manufactured due to the di?i 
culties in manufacturing such components to exactly the 
same parameters from device to device. Weight integrity is 
also a potential problem area because, as With most analogue 
implementations of neural netWorks, Weight values are 
stored by capacitors Which have dif?culty maintaining the 
charge held, and consequently the Weight value. The authors 
of this paper attempt to address this issue but, for Weights not 
being updated during a cycle, they simply regarded it as a 
forget e?‘ect. Unfortunately, as the number of neurons on the 
device increases, so too does the common node parasitic 
capacitance. This Will require the siZe of the storage elec 
trode of each neuron to be increased as netWork siZe 
increases to compensate. 

[0012] Perhaps the most successful analogue implemen 
tations are those Which utilise a pulse stream approach. It has 
long been knoWn that biological neural systems use pulses 
to communicate betWeen cells and simple oscillating circuits 
can be implemented in VLSI relatively easily. Unfortu 
nately, the problem of analogue memory still overshadoWs 
such approaches. The main advantage of pulse stream 
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approaches is that hardWare requirements for the arithmetic 
units are very loW compared to the equivalent digital imple 
mentation; in particular multipliers Which can be imple 
mented in an analogue fashion using only three transistors 
require many gates for digital systems. 

[0013] The problems of implementing digital multipliers 
and storing Weight values provide tWo reasons that most 
digital implementations of the SOM have been restricted to 
small netWork siZes and are often only coprocessors rather 
than fully parallel implementations. The other main factor 
that has made a signi?cant contribution to limiting netWork 
siZe is the inter-neuron communication overhead Which 
increases exponentially With netWork siZe. Consequently, 
most fully digital implementations of the SOM require some 
modi?cation to Kohonen’s original algorithm, e.g. lenne et 
al suggest tWo alternative modi?cations to the SOM algo 
rithm for digital implementation. Van den Bout et al also 
propose an all digital implementation of the SOM and 
investigate a rapid prototyping approach toWards neural 
netWork hardWare development. This is facilitated by the use 
of Xilinx ?eld programmable gate arrays (FPGAs) Which 
provide a ?exible platform for such endeavours and speed 
up construction time compared to VLSI development. Their 
approach uses stochastic signals to alloW pseudo-analogue 
computation to be carried out using space ef?cient digital 
logic. A Markovian learning algorithm is used to simplify 
that suggested by Kohonen and the Manhattan distance 
metric is used in place of Euclidean distance to simplify 
distance calculations. Their approach toWards the imple 
mentation of the SOM is later reiterated When they describe 
their VLSI implementation, TlnMann. 

[0014] Saarinen et al propose a fully digital approach to 
the implementation of Kohonen’s SOM in order to create a 
neural coprocessor for PC based systems. Their approach 
uses three Xilinx XC3090 FPGAs to create 16 processing 
elements, and RAM to store both Weight and input vector 
values. The host computer initialises the random Weight 
values, loads up the input vector values and sets the netWork 
parameters (i.e. netWork siZe, number of inputs, gain factor 
and number of training steps). After the host computer has 
set these parameters the coprocessor system then trains the 
netWork according to the pre-speci?ed parameters until 
training is complete. The architecture of the system consists 
of three main elements; a distance and update unit (DUU), 
a distance comparator unit (DCU) and an address control 
unit (ACU), each implemented on a separate FPGA Which is 
clearly a partitioning of the netWork functionality and is not 
likely to be scaleable due to the communication overheads. 
In addition, this implementation does not implement the 
standard SOM but, a rather limited, one dimensional ver 
sion. 

[0015] While more obvious than many of the digital 
implementation approaches used, that of Saarinen is rather 
typical in that it partitions functionality. Most digital imple 
mentations appear to do the same, but they maintain the 
Whole system on a single device. The rationale behind this 
is that When using digital multipliers, vast resources are 
normally required to implement them, so it is often more 
effective to have a limited number but to make them fast. To 
avoid using excessive resources for the Modular Map imple 
mentation, very limited reduced instruction set computers 
(RISC) processors are suggested that use an alternative 
approach to multiplication Which Will only require a fraction 



US 2007/0022063 A1 

of the resources needed to implement a traditional digital 
multiplier. In addition, While minor modi?cations to 
Kohonen’s algorithm are made, its basic operation and tWo 
dimensional nature are maintained. 

[0016] The paper by Ruping et al presented simulta 
neously With the paper by LightoWler et al presents a fully 
digital hardWare implementation of the SOM Which incor 
porates some of the same ideas as does the Modular Map 
design. To facilitate hardWare implementation Ruping et al 
also use Manhattan distance instead of Euclidean distance 
and the gain factor is restricted to negative poWers of tWo. 
A system comprising 16 devices is outlined and performance 
information is presented in terms of the operating speed of 
the system etc. Each of their devices implements 25 neurons 
as separate processing elements and alloWs for netWork siZe 
to be increased by using several devices. HoWever, these 
devices only contain neurons; there is no local control for the 
neurons on a device. An external controller is required to 
interface With these devices and control the actions of their 
constituent neurons. Consequently, these devices are not 
autonomous as are Modular Maps and only lateral expansion 
Which creates a Single Instruction stream Multiple Data 
stream (SIMD) architecture has been considered as an 
approach toWards creating larger netWork siZes. 

[0017] There have also been some commercial hardWare 
implementations of ANNs, the number of Which has been 
steadily groWing over the last feW years. They generally 
offer a speedup of around an order of magnitude compared 
to implementation on a PC alone but are predominantly 
coprocessors rather than stand alone systems and are not 
normally scaleable. HoWever, While some of these imple 
mentations are only able to implement a single ANN para 
digm, most use digital signal processing (DSP) chips, trans 
puters or standard microprocessors, thereby alloWing the 
system to be programmable to some extent and implement 
a range of standard ANNs. 

[0018] The commercially available approach to imple 
mentation, (i.e. accelerator cards) offers the sloWest speedup 
of the main implementation approaches but can still offer a 
signi?cant speedup compared to simulation on standard PC 
systems and the groWing number available on the market 
suggests that they are useful for a range of applications. 
General purpose multiprocessor systems offer a further 
speedup but large scale systems normally have signi?cant 
communication overheads. Some researchers have 
attempted to modify standard multiprocessor architectures 
to improve their application to ANNs and have increased 
achievable speedup by doing so but While these systems 
have been useful in ANN research, they are not fully 
scaleable and require signi?cant ?nancial outlay. The great 
est speedups for ANN implementations have been achieved 
by dedicated neural netWork chips but the problem again has 
been that these systems are limited to relatively small scale 
systems. As an approach toWards developing scaleable neu 
ral netWork systems, there have been some attempts at 
developing modular systems. 

Modular System 

[0019] There is considerable evidence to suggest that 
biological neural systems have a modular organisation at 
various levels. At a macroscopic level, for example, it has 
been found that some people have no connection betWeen 
the left and right hemispheres of the brain, Which does bring 
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With it certain problems, but they are still able to function in 
a near to normal Way, Which shoWs that each hemisphere is 
able to function independently. HoWever, it has also been 
noted that, While each hemisphere is almost identical physi 
ologically, they specialise in functionality. When one begins 
to look closer at the cerebral hemisphere one ?nds that 
different functionality is found at different regions, even 
though these regions shoW a modular organisation and are 
made up of geometrically de?ned repetitive units. Research 
by Murre and Sturdy also supports this vieW of a modular 
organisation in their attempt at a quantitative analysis of the 
brain’s connectivity. It is of interest that this modularity is 
also seen in relation to the topological maps formed in the 
neo-cor‘tex, e.g. somatosensory maps for different parts of 
the body are found at different parts of the cerebral cortex 
and similar maps for other senses such as sound (tonotopic 
maps) are found in different regions again. Such evidence 
suggests that While the concept of topological maps Which 
form the basis for Kohonen’s self organising map is valid, it 
also suggests that the brain contains many of these maps. 
Consequently, it is reasonable to suggest that When attempt 
ing to develop scaleable, and particularly When trying to 
develop large scale implementations of the SOM, that a 
modular approach should be considered. 

[0020] Researchers such as Happel and Murre have 
approached neural netWork design as an evolutionary pro 
cess using genetic algorithms to determine netWork archi 
tectures. Their investigations into the design of modular 
neural netWorks using the CALM module are intended as a 
study to assist With understanding of the relationship 
betWeen structure and functionality in the brain but they 
present some ?ndings that may also assist With the devel 
opment of information processing systems. They found that 
the best performing netWork architectures derived With their 
approach reproduced characteristics of the vision system 
With the is organisation of coarse and ?ne processing of 
stimuli in different pathWays. They also present a range of 
evidence that supports the belief that the brain is highly 
organised and modular in its architecture. 

[0021] The basic premise on Which modular neural net 
Work systems are developed is that the computation per 
formed by the netWork is decomposed into tWo or more 
separate modules Which operate as individual entities. Not 
only can such approaches improve scaleability but consid 
erable savings can be made on the learning times required 
for large networks, Which are often rather sloW. In addition, 
the generalisation abilities of large netWorks are often poor, 
Whereas systems composed of several modules do not 
appear to suffer from this draWback. Research carried out by 
Jacobs et al using modules composed of Multi Layer Per 
ceptrons (MLPs) used competition to split the input space 
into overlapping regions. Their Work found that the modular 
approach had much improved training times compared to 
single large netWorks and gave better performance, espe 
cially Where there Were discontinuities Within classes in the 
original input space. They also found, When building hier 
archies of such systems, an architecture they refer to as a 
hierarchical mixture of experts, that the results yielded a 
probabilistic approach to decision tree modelling. Others, 
such as Hansen and Salamon, have considered ensembles of 
neural netWorks as a means of improving classi?cation. 
Essentially the ensemble approach involves training several 
netWorks on the same task to achieve a more reliable output. 
























































