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Abstract

The main objective of the work presented herein is to speed up neural network train-
ing using parallel processing. The back propagation trained feed-forward neural network
was selected for this research, since it has attracted most interest among neural network
researchers.

Today, large parallel computers are becoming more accessible to universities and research
labs. Many implementations of neural networks on parallel computers have been reported.
However, a survey of work on neural applications in this thesis indicates that there exists
little contact between neural application developers and researchers in the field of parallel
implementations of neural networks. Many implemented parallel neural training programs
are tested based on unrealistic assumptions about real applications. Using large neural
networks give rise to better performance than that obtainable in reality, since real neural
networks are usually small.

This thesis describes experiments undertaken for both fixed and flexible implementations.
The former uses a static assignment, which is independent of the network structure and
training set. The latter uses an assignment strategy where the partitioning of the training
set and neural network is based on the given application. As such, the parallel program
can execute efficiently for a large range of neural applications.

Several real neural applications have been used in this work to test the implemented par-
allel algorithms. The results show that it is beneficial to use a flexible mapping. For small
parallel systems, many parallel implementations can train efficiently. However, the impor-
tance of a flexible job assignment is more prominent as the number of processors increases.
Thus, to gain the full benefit of a large parallel system the multiple inherent degrees of
parallelism in the training algorithm must be combined. Also the method of combining
the parallel aspects of the training algorithm should be adaptable according to the given
neural application.

Two tests on convergence of back propagation trained neural network are also reported.
The results indicate that if training set partitioning is used, in the parallel scheme, a larger
number of iterations is needed for convergence. However, still the total training time
required, by using a parallel computer, is reduced from hours to minutes with respect to a
sequential computer.
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Chapter 1

Introduction

Artificial neural networks (ANNs) have recently become a promising solution to problems
for which the human brain is superior to conventional computing.

ANNSs are based on the present understanding of the human biological nervous system, see
Figure 1.1. Tt is built of cells, also called neurons. Dendrites extend from the cell body
and connect to other cell inputs (axons) through synapses. It is estimated that the human

\ Synapse
Dendrite

%@

CeII body

Figure 1.1: A simplified model of biological neurons.

brain contains 10! neurons each with up to 10,000 connections to other neurons. As such
it represents a massively parallel system with hierarchical structured interconnection. This
feature inspires the ANN researchers to design systems that are based on parallel processing
as an alternative to the single processing architecture.

One of the problem areas where ANNs have shown good results is pattern classification,
i.e. non-linear separation of the feature vectors. It is superior to the traditional knowledge-
based Artificial Intelligence (AI) method in the way of “black-box” modeling a system. The
methods differ in that ANN specify the system by presenting a set of input and output
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vectors to which the system should adjust. Al, on the other hand, requires a specification
of the internal rules of the system, which is a much harder task. A description of various
neural networks is given in several books [38, 49, 71, 149] and articles [74]. A neural
network must be trained (learning phase) before it can be applied (recall phase). The goal
in training the network is to adjust the connections (weights) so that application of a set
of inputs produces the desired set of outputs.

ANNSs can be subdivided into three main groups according to the training approach: super-
vised, reinforcement and unsupervised trained networks. In the former case — supervised
training, the training data consists of pairs of input /output patterns, whereas, in the latter
case — unsupervised training, it consists of input patterns only. Also for the case of rein-
forcement training, only input patters are supplied. However, occasionally a “performance
score” is given that tells how well the training of the network has done since the last score
was given.

Unsupervised training is based on clustering, that is, the weights are adjusted so that sim-
ilar input patterns lead to a response in the same cluster of neurons. Adaptive Resonance
Theory (ART) and Self-Organizing Feature Map (SOM) are neural network models based

on unsupervised learning.

The most popular supervised trained artificial neural network® is the Multi-Layer Percep-
tron network (MLP) [112]. It consists of several layers of computational elements. The
non-recurrent version of the network is also called feed-forward neural network, since an
output cannot influence it’s neuron input values. By contrast, recurrent networks has feed-
back connections so that outputs may be determined by their current input and previous
outputs. Neural network research grew rapidly with the introduction of the backpropaga-
tion (BP) algorithm for training the feed-forward neural network. This training algorithm
is applied for the research presented in this thesis, and the algorithm will be thoroughly
explained in the next chapter.

Simulating neural networks is very computationally demanding, thus, to reduce long train-
ing and recall time, parallel computation is mandatory. Many researchers have proposed
parallel hardware implementations (see Section 3.3). Neural network training can be par-
allelized either by network partitioning or by training set partitioning. The parallel aspects
of feed-forward neural network training will be further discussed in the next chapters.

There seems to be disjoint interests among neural application developers and researchers in
the field of parallel implementations of neural networks. Neural applications can for many
instances do well without parallel processing. Many proposed parallel implementations,
on the other hand, are tested on non-existing neural networks. Thus, there are a limited
number of researchers combining real neural network applications and parallel processing.
To overcome this, parallel implementations ought be made more general and adaptable to
the neural network applications that require parallel processing.

!Hopfield net and Hamming net are other networks based on supervised learning.
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1.1 Objectives

The main objective of this study was to provide a more solid basis for parallel processing
of neural network training. The goal was to implement several different parallel programs
for training neural networks and test them using real neural network applications. Based
on the initial implementations and results from other researchers a more general mapping
scheme could be searched for. This can be formulated by the following sub-objectives:

e Survey the neural network applications to determine the demands for parallel pro-
cessing.

e Study the published work on parallel implementations of neural networks.

e Based on the applications requiring parallel processing and the limitations of the
present parallel implementations, search for an appropriate mapping strategy.

1.2 Limitations

In this study, the basic back propagation algorithm for training feed-forward neural net-
works has been applied. Preprocessing techniques and variants of the training algorithm
are outside the scope of this thesis. Training sets applied consists of those freely available.

The desire of this work has been to find an effective parallel backpropagation training
algorithm. To do this in the available frame of time, it was necessary to limit the number
of experiments for some of the initial implementations. Further, estimation of execution
time and computation of total training time were only made for the case of the most flexible
implementation.

Many interesting problems encountered during this work were unable to be solved in the
time limit. These are therefore recommended as future work — see Chapter 10.

1.3 Contribution of this Work

In this work several parallel BP neural network algorithms are proposed and implemented.
They are written by the author of this thesis, if not otherwise stated.

The contributions can be summarized in the following list:
e Several parallel BP schemes have been implemented and compared (Chapter 5). This

includes a proposed combination of three degrees of backpropagation parallelism. The
work was published in the 1994 International Conference On Neural Information
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Processing [135], two domestic Japanese conferences [136, 137], and one domestic
Norwegian conference [138].

e A weight change summing scheme is proposed (Section 5.2.2) and presented in the
Fourth International Conference on Artificial Neural Networks (1995) [139].

e Several parallel BP algorithms are proposed that assign the best number of processors
to each degree of parallelism to minimize training time for all kinds of feed-forward
networks (Chapter 7). This work is partly published in the 1995 IEEE International
Conference on Neural Networks [140].

e The accuracy of execution time estimation based on the number of floating point
operations and communication time has been tested (Section 7.2.2 and 8.1.2).

e For two applications (NETtalk and sonar target classification), the relation between
the weight update interval and convergence has been determined (Section 8.1.3 and
8.2). For the NETtalk application the number of training iterations has been esti-
mated based on the initial error (Section 8.1.3). The NETtalk results were partly
published in the 1995 World Congress on Neural Networks [142].

e The near-optimal weight update interval for implementing the NETtalk learning on

AP1000 is found (Section 8.1.4) [140].

e [t is shown that distributing the computation in each layer to different processors
improves the performance (Chapter 9). A paper on this study has been submitted
[141].

For the international conferences ([135, 139, 140, 142]) the whole content the papers has
been reviewed by referees and printed in the conference proceedings.

In my first period at NTH, I participated in the assembly of the RENNS computer by
writing a down-loading program for the configuration file for the communication subsystem.
Moreover, I wrote DRAM testing programs for the main board.

In have started to look into the research of Artificial Life and a popular science article on
the topic has been written [134].

A chapter is invited for a book proposal to IEEE Press covering the parallel implementa-
tions of different neural networks. The chapter to be contributed is named “Implementa-
tion of Backpropagation training of Neural Networks On Large Parallel Computers”. The
editors of the book are professors at Nanyang Technological University, Singapore.
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1.4 Outline of this Thesis

The thesis is divided into a background part (Chapter 1 — 4) followed by three research
parts (Chapter 5 —10). After this introductory chapter, the second chapter details the back
propagation neural network training algorithm used in this study. A survey of applications
for this neural network is then included.

The background part is continued in Chapter 3 and starts by describing the degrees of
parallelism in the backpropagation algorithm. An overview of parallel processing is also
included, followed by a description of work published by other researchers on parallel
implementations of BP. Chapter 4 contains a presentation of the parallel computers used
in this work.

The first research part is outlined in Chapters 5 and 6, which include a description and
results of four algorithms implemented on the general purpose computer AP1000. These
are based on a fixed assignment of processors, independent of the neural application to be
trained.

The limitations of these mappings are described and in the second research part a dynamic
mapping is proposed (Chapters 7). The implementation of it is tested on AP1000 and
results are included in Chapter 8.

The final research part (Chapter 9) of this thesis reports a proposed mapping for the
reconfigurable computer RENNS. This is a mapping utilizing the flexibility in the inter-
connection of the processors.

Finally, closing comments and further work are given in Chapter 10.
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Chapter 2

Feed-Forward Neural Networks

Artificial neural network research was first initiated in the 1940s, when McCulloch and
Pitts published their study [78]. They started the development of the perceptron model,
shown in Figure 2.1. In the 1960s, convincing demonstrations using the model were made

Figure 2.1: The perceptron.

[149]. However, Minsky and Papert, in the late 1960s, proved that severe restrictions in
the learning capabilities of a single layer model exist [83]. For the following twenty years
little research was undertaken. Then, the learning of multi-layer perceptron network, called
backpropagation (BP), was introduced by Rumelhart et al. in 1986 [112]. This initiated a
remarkable increase in the neural network research.

2.1 The Multi-Layer Neural Network

A two layer!' feed-forward network is shown in Figure 2.2. The network is called fully
connected, since there are all-to-all connections between two adjacent neuron layers. The

'In this thesis, the word layer is used about the number of layers of weights in the network. This is
equal to the number of layers of neurons, when excluding the input neuron layer.
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Outputs
Output
Layer
8 Z
Hidden g 2
Layer £ a
S S

Inputs

Figure 2.2: A two weight layer feed-forward neural network.

number of neurons (also called units) in each layer is N;, N}, and N, for the input, hidden,
and output neuron layer, respectively. The network can be extended to any number of
layers, however, most applications (see Section 2.2) use two weight layers. Therefore, this
work has been restricted to two layer networks. The BP learning phase for a pattern
consists of a forward phase followed by a backward phase. The main steps are given in

Figure 2.3.

1. Initialize the weights to small random values.

2. Select a training vector pair (input and the corresponding output) from the training
set and present the input vector to the inputs of the network.

3. Calculate the actual outputs - forward phase.

4. According to the difference between actual and desired outputs (error), adjust the
weights W, and W}, to reduce the difference - backward phase.

5. Repeat from step 2 for all training vectors.

6. Repeat from step 2 until the error is acceptably small.

Figure 2.3: Backpropagation learning.

The weight updating scheme used is called learning by pattern (or online weight update) and
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updates the weights after each training pattern has been presented. This update method,
which is stochastic gradient descent [152], has been shown by experiments to converge faster
than the total gradient descent — which updates the weights after all training patterns have
been presented. However, only the latter method, called learning by epoch, has been proved
to converge?. An intermediate method is called learning by block and it updates the weights
after a certain number of patterns have been presented [88].

2.1.1 A Detailed Description of the BP Learning algorithm

In the forward phase the hidden layer weight matrix W, is multiplied by the input vector
X = (21, 29,...,2n,)7, to calculate the hidden layer output

N;
ynj = fQ_ wnjivi — 0) (2.1)
=1

where wy, j; is the weight connecting input unit ¢ to unit j in the hidden neuron layer?. The
6 is an offset termed bias , incorporated into the training algorithm by a weight connected
to +1 for each neuron [149]. This bias-weight is trained like an ordinary weight.

The function f is a nonlinear activation function. Normally the S-shaped sigmoid function
1

a) = ———

f( ) 1 +e @

is used. It compresses the output value to lie in < 0,1 >, as shown in Figure 2.4. More-

over, the function is differentiable, which is a demand of the training algorithm — see
Equation 2.13.

(2.2)

The output from the hidden layer, y;, ;, is used to calculate the output of the network, y, x
Np

Yo,k = f(z Wo,kjYh,g — 9) (23)
j=1

The error measure F, for a training pattern p is given by

1Y
Ep = 5 E(dp7k - yp707k>2 (2'4>
k=1

The overall measure for a training set of P patterns is

P
E=>E, (2.5)
p=1

2However, there is not known any theoretical bound on the number of presentations required for con-
vergence.

3To distinguish the different neuron layers, the indices ¢, j, and k are used for indexing the input,
hidden, and output neuron layer, respectively.
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-4 -2 0 2 4

1
14e—@

Figure 2.4: The sigmoid function f(«) =

In the expressions below the pattern index p has been omitted on all variables except for
E, to improve clarity. In the backward phase the target, d, and output, y,, are compared
and the difference (error) is used to adapt the weights to reduce the error. The weights
are adjusted according to the generalized delta rule. This differs from the original delta
rule, by the inclusion of non-linear activation function and hidden units. The rule is also
called gradient descent, since it corresponds to performing the steepest descent in weight
space where the height is equal to the error measure. It requires that the derivative of the
error measure, with respect to each weight, is proportional (with negative constant) to the
weight change computed by the delta rule, as given by

ok ok
AwoM X — L A Awhm' X — L (26)
Wokj Owp, j;
The % expression indicates how much a change in a weight alters — preferably reduces,
the output error. The sum of the weight-input product for the output layer is
Np
nel,, = Z Wo kjYh,; — 0 (2.7)
i=1

The chain rule is used to write the derivative of the left-hand expression in Equation 2.6
as a product of two parts

ok,  0FE, Onet,y (2.8)

awokj 8neto7k awO’k]‘

The first part represents the change in error as a function of the change in the network
output and the second part represents the effect of changing a particular weight on the
network output. Similarly, the chain rule can be applied to the hidden layer.
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From Equation 2.7 the second factor is given by

Onet, 0 Nn
o (Z Wo kjYh,; — 9) = Yh,j (2.9)

Owokj  Oworj i

The first factor is used to define the delta error

ok
6,8 = — L 2.10
i Onet, i ( )
The chain rule can be applied to compute
ok ok, Jy,
v TTp ok (2.11)
Onetor, 0y, Onet,
Differentiating Equation 2.4 for a pattern p leads to
ok
2 = (dy = o) (2.12)
Yo,k
Equation 2.2 is differentiated to get the value
ayo k
— = yox(l —yo 2.13
ety Y #(L = Your) (2.13)
Substitution in Equation 2.10 and rewriting the expression gives
Sok = Yo (1 — Yo )(de — Yoi) (2.14)

The chain rule is applied for the hidden units

oE, _%": 0E, Onet,;
ayh,j k=1 d

N, N, N
s OF 0 h A
= Z P (E Wo,kjYh,j — 0) = — E 5O7kwo7kj (215)
iy Onel

nelor Y, =1 Onetoy Oy, \ i3 Pt

Similar to computing the output delta error in Equation 2.10 and 2.11, the hidden delta
error value for neuron j is

8Ep 8yh7]‘

No
& = — =y (1 — vy : 0 kW i 516
" Oyp,; Onety ; yni( Yhj) kz::l KWo ki ( )

The expressions in Equation 2.6 can then be rewritten as
Awo i = n0oryn; N Awyj = nop;x; (2.17)

where 7 is the learning rate coefficient.

!/

If learning by pattern is applied, the output layer weights are changed to wy .

Wi = Wo,kj + N0 kYn,j (2.18)
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The hidden layer weights are updated accordingly
Wh ji = Whji + M0k, (2.19)

The training continues for each vector in the training set until the error for the entire set
becomes acceptably small.

Instead of updating the weights after each training pattern presentation, they can be
updated less frequently by using learning by block. For updates after p patterns have been
presented. Equations 2.18 and 2.19 become 2.20 and 2.21

p'+u
/ e . .
wO,k]’ - wO,k] —I_ 77 Z 5 7O7kyp7h7] (2'20)
p=p'+1
' +u
!
Whii = Whyi + 1 D Sph ity (2.21)
p=p'+1

The total number of training patterns is P and p < P. Learning by block is well suited to
parallelization, but as shown by Paugam-Moisy [105], the convergence rate declines as p
gets larger. Therefore, an appropriate value for p need to be chosen.

The error measure in equation 2.5 is dependent on N, and P. Thus, large numbers result
in a large error. Another measure for the total error is the root mean square error (RMSE)

1 P N,

B 2o 2ok = Upok)? (2.22)

0 p=1k=1

Ermse =

The error threshold e for a pattern is in this thesis defined by
E, < ewhen pattern p is learned (2.23)
Moreover, the pattern error for the training set is defined by
FEy, = Number of patterns with £, > e in percentage of all training patterns (2.24)

As stated, there is no proven convergence* for the backpropagation algorithm and therefore
the word convergence is defined as reaching a pre-determined stopping criteria [105].

*An exception is Learning by epoch, but still there is no bound in the number of training iterations
required.
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2.1.2 Basic Notation for the BP Algorithm

In the following chapters, reference is made to the neural network terminology. Therefore
it has been chosen to include the following summary of the most common terms.

Training Set. Consists of a number of training patterns, each given by an input vector
and the corresponding output vector.

Network size. A network of V; input units, N, hidden units, and N, output units is for
short written V; x N, x N,. Note that the word network is used for neural network
in this thesis and not for processor topology network. In the case of the latter use of
the word it will be explicitly stated.

(Training) Iteration. Denotes one presentation of the whole training set.
Weight updating strategies. Three different approaches:

e Learning by pattern (lbp), update the weights after each training pattern has
been presented.

e Learning by block (Ibb), update the weights after a subset of the training patterns
has been presented.

o Learning by epoch (lbe), update the weights after all patterns have been pre-
sented (i.e. one training iteration).

Weight update interval. The number of training patterns that is presented between
weight updates is termed u. For lbp, p = 1, while for lbe 4 = P, where P is the
number of training patterns in the training set.

Degrees of parallelism, The BP algorithm reveals four different kinds of parallelism, as
described in [101, 122]. This topic is explained in greater detail in Chapter 3.

o Training session parallelism, Starts training sessions with different initial train-
ing parameters on different processing elements.

o Training set parallelism, Splits the training set across the processing elements.
Each element has a local copy of the complete weight matrix and accumulates
weight change values for the given training patterns. The weights are updated

using [bb/lbe.

o Pipelining, Pipelines the training patterns between the layers, i.e. compute hid-
den and output layer on different processors. While the output layer processor
calculates output and error values for the present training pattern, the hidden
layer processor processes the next training pattern. The forward and backward
phase may also be parallelized in a pipeline. Pipelining requires a delayed weight

update or [bb/lbe.



14 Chapter 2. Feed-Forward Neural Networks

e Node parallelism, The neurons within a layer is computed in parallel (named
neuron parallelism). Further, the computation within each neuron may also run
in parallel (Nordstrom [101] names this weight or synapse parallelism). In this
method, the weights can be updated using lbp.

2.1.3 Momentum

To obtain true gradient descent requires infinitesimal small changes of the weights. This
is obtained by selecting a small value for the learning rate. However, we want to choose
a learning rate as large as possible without leading to oscillation®, since experiments show
that this offer the most rapid learning [112]. To increase the learning rate and avoid
oscillation, a momentum can be included. Rumelhart et al. proposed [112] to add a fraction,
equal to a, of the previous weight update value to the current weight change

Awoj(p+1) = néos(p + Dyn;(p + 1) + alw, k;(p) (2.25)
where p is the training pattern index. The weights are updated
Wo k(P + 1) = woki(p) + At xi(p + 1) (2.26)
Similarly, Sejnowski et al. [118] proposed a smoothing term, «
Aw, j(p+ 1) = alwo kj(p) + (1 = @)6ok(p+ Dyni(p+ 1) (2.27)

The smoothing makes it less neccesary to scale the learning rate according the weight
update interval.

Wo ki (p 1) = woi(p) + nAw, ki (p + 1) (2.28)

The equations for updating of the hidden weights can be similarly derived. The term « is
normally set to around 0.9.

2.1.4 Learning Performance

There exist two commonly used metrics for the speed of neural network simulations. For
the recall phase performance, Connections Per Second (CPS) are used, which describe
the number of weight multiplications in the forward pass per second. Performance during
training is measured in Connections Updated Per Second (CUPS) . This accounts for the
number of weights updated per second.

According to Crowl [21], presentation of parallel performance can be easily and uninten-
tionally distorted. To avoid this, he suggests presenting the elapsed time as opposed to

5The error is not constantly decreasing but is oscillating between large and small error values without
reaching convergence.
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speedup where possible. The use of speedup to define performance is limited by the lack
of consensus for speedup definition. Crowl is of the opinion that many machines sacrifice
sequential performance for parallel scalability and that this gives rise to overestimated
speedup. Linear speed, i.e. solutions per time unit, is visually similar to speedup and
may be used instead. CPS and CUPS measure linear speed by connections computed or
updated per second.

The CUPS measure is sensitive to several features. Even though the inclusion of momentum
increases the convergence, the training speed is slowed down. That is, there are more
computation per iteration, leading to reduced CUPS performance. The output layer has
less backward error computation than the hidden layer. Thus, if more hidden layers are
added to a network, the CUPS performance will be reduced. When the number of neurons
is large, the computation grains become large, which in most cases improve performance
compared to that obtained from a small number of neurons. However, if the network is
too large to be stored in main memory the training is slowed down.

The number of floating point operations used for weight updating for learning by pattern
differs from the number for learning by block/epoch. In this section, expressions will be
derived to show the difference in computation between the different weight update strate-
gies. The expressions are based on serial executing of the training program. On a parallel
computer, additional time is used for communication. The NETtalk application with num-
ber of neurons N; = 203, N, = 120, N, = 26, and P = 5438 training patterns is used
below to illustrate the difference. The NETtalk training uses the Sejnowski momentum
(Equation 2.27 and 2.28) for weight update. The number of floating point operations used
for Ibp weight updating is then 6 per weight, leading to a total number for one training
iteration

Fipy=6P(N; + N,)N, (2.29)
=6 - 5438(203 + 26)120 = 896,617,440 (2.30)
For [bb the number of floating point operations for weight accumulation and updating, 2

and 5 respectively, is found from Equation 2.20, 2.21, 2.27 and 2.28. This leads to a total
floating point operation count of

P
Fiy=2P(N; + N,)N), + 5 {ﬂ (N + N,)N,, (2.31)
P
=(2P +5 {—w )(N; + N,)N, (2.32)
7
5438
=(2-5438 + 5 {—w )(203 + 26)120 (2.33)
7
1
=298, 872,480 + —747, 181,200 (2.34)
7

The first expression in Equation 2.31 represents the weight accumulation and the latter
represents weight updating. The number of operations for weight accumulation is less
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than for weight update. Thus, if the weights are infrequently updated we get Fy, > Fip.
Figure 2.5 shows the number of floating point operations for weight accumulation and
update for different weight update intervals, .

Learning by block —— |
0 le+09 Learning by pattern ----
S
s
T 8et08 |
O
E
€ pe+08 |
(@)
£
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=]
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o
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o]
E  2et08 | ]
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O | | |
1 10 100 1000

Number of patterns presented between weight updates

Figure 2.5: The number of floating point operations for weight accumulation
and update for block updates, F};;,, and for pattern updates, Fj,.

The update method learning by epoch uses less number of operations than learning by
pattern if the block size is larger or equals two, i.e. p > 2.

Where learning by block/epoch is used, CUPS is given by the number of weight change
values computed per second. That is, the number of weights updated is excluded, when
the CUPS value is calculated. However, the time for weight update is not excluded. Thus,
only the number of weights accumulated per epoch is used for computing the CUPS value,
i.e. like omitting the second expression in Equation 2.31.

To measure how well a feed-forward neural network has learned, a separate test set should
be used in addition to the training set. The available vectors should be partitioned into
disjoint sets: learning set and test set. It is preferable that several different test sets
should be included. The test set should include a representative selection of patterns, e.g.
for pattern classification, the test set should contain vectors from all classes. The network
is trained by the training set and then tested using the test set. The test set or a separate
acceptance set is used as an acceptance set for the network.
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2.1.5 Generalization

Although the patterns in the training set produce the correct output, this may not be the
case for other patterns, as indicated by the property of generalization. Good generalization
cannot be achieved unless some a priori knowledge about the task is built into the system
[26]. For feed-forward networks this knowledge may be specified by imposing constraints
on both the architecture of the network and its weights. To achieve neural network gener-
alization from the training set examples to the entire problem environment, the amount of
available training data must be large enough [49]. Moreover, overtraining must be avoided.
The problem of overtraining is illustrated in Figure 2.6. As training progresses the net-
work tries to fit to the learning vectors. After a certain number of iterations, the network
learns mainly small details about the training vectors, and the general classification ability
decreases. Thus, training should be stopped when the error is minimized for the test set.

E
E(test set)

E(training set)

T

Stop training here

Figure 2.6: Training set error versus test set error as a function of the number
of training iteration (from [49]).

2.1.6 Improvements of Feed-Forward Neural Networks

This section briefly describes preprocessing techniques and learning algorithm modifica-
tions which have been proposed in the literature to improve the generalization performance
of networks.

According to Means [81], preprocessing for neural network classification usually requires as
much as 80 % of the total computational cycles. However, preprocessing is parallelizable.
New variants of neural networks can also be expressed as standard linear algebra functions
and as such are parallelizable.
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Preprocessing Techniques

Receptive fields is a technique which restricts the input of each hidden neuron to only a
small portion of the input pattern. Thus, each hidden neuron is connected to a subset
of the input neurons. This reduces the number of weights and increases the likelihood of
correct generalization [26]. The output layer is fully connected. One of the mathematical
definitions of 2-D receptive fields — the Gabor functions, is proposed by Daugman [24].
The functions projects an image into set vectors. These are represented by projection
coefficients.

Wavelet Transforms (WTs) capture mathematically the functionality of eyes and ears in
order to produce multiple resolution inputs to ANN [129]. This preprocessing technique
implies feature-preserving data compression. The Gabor function is based on a fixed win-
dow, while WT uses varying window size for Fourier Transform (FT). The input to the
human eye i1s based on neighborhoods, not line-by-line information as digital images are
stored. Using WT, the frequencies with the best separability can be selected.

Variants of the BP Algorithm

During recent year, several variants of BP learning have been proposed, e.g. quick propaga-
tion and conjugate gradient method. A comparison of learning algorithms for feed-forward
networks by Nesvik [100] showed that some of the new algorithms were less sensitive to
the selection of the learning parameters.

Networks using Radial-Basis Functions (RBFs) are shown [85] to exhibit universal approx-
imation abilities and converge faster than standard MLPs. The network consists of a single
layer of locally-tuned neurons. For any given input, only a small fraction of the neurons
will respond. Thus, only these units need to be evaluated and trained.

2.1.7 The Effect of the Weight Update Interval

It is shown for one neural application by Paugam—Moisy — Figure 2.7 that less frequent
weight updates during training reduces the convergence rate. That is, the decrease in error
per training iteration is smaller. The network classified patterns into three classes. To
avold unstable behavior during training, the learning rate had to be reduced when the
weight update interval was increased. The reason for this can be explained by network
paralysis [149]. Adding weight changes for many training vectors together may result in
large weight change values. This may lead to large weight values, if the learning rate is not
reduced. Large weights can lead to large output values — Equation 2.7, to be input to the
non-linear function. The derivative of the function, which is used for computing the delta
error, approaches zero for large values. This results in a very small change in the weights,
and the training can come to a virtual standstill.
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Error
A: Weight update after every pattern
B: Lessfrequent weight update

A B

Number of training iterations

Figure 2.7: Error throughout training for different weight update frequencies
[105].

A special case of learning by patlern is delayed weight update in which the weights are
updated for pattern p after the forward pass for the next pattern — p+1, has been computed.
This method may be used for weight updating when the computation of each layer is
distributed over different processors. The delta weight change values are small compared
to the weights and thus the convergence should be very close to the convergence of ordinary
pattern weight updates.

For some neural application experiments, like training recurrent networks for speech recog-
nition [154], lbp updating results in a stagnation of the error that does not occur for lbe
updating. The quick-propagation (quickprop) algorithm, proposed by Fahlman [30], is
based on learning by epoch. That is, all training vectors are applied before the new weights
are computed. Thus, training set parallelism can be used in parallel implementation of
quickprop without leading to any reduction in the convergence rate.

The redundancy in large training sets slows down the convergence of learning by epoch
based algorithms according to Mgller [84]. Accumulating redundant gradient weight vectors
implies redundant computation. This is not a problem if the weights are updated after
each training vector. In fact, redundancy has a positive effect in the beginning of the
training. However, simulations show that a conjugate gradient training algorithm — which
is based on epoch learning, is more efficient in the end of training even though there is
redundancy in the training set. Thus, a learning by block approach is proposed, where the
block size varies throughout training. Since the redundancy is dependent on the problem,
the block size has to be selected by estimation. For each iteration the block size that lead
to a confident decrease in the total error of the training set is determined. Simulation using
NETtalk (described in Section 2.2) shows that the training starts with a very small block
size and ends by updating weights only two or three times per epoch.
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2.2 Neural Network Applications

To efficiently utilize parallel processing for speeding up neural network training, we should
be aware of which types of networks and training sets are used in todays neural applications.
This section provides a survey of neural network applications. Mainly large applications
— where parallel processing is of interest, will be described. Feed-forward neural network
(FF-NN) with a single hidden layer is assumed, unless otherwise stated.

Two of the main contributors to the neural network research, Widrow and Rumelhart,
recently published the paper called “Neural networks: Applications in Industry, Business
and Science” [153]. They list a wide variety of commercial applications for neural networks.
The increase in commercial products in the last years is partly explained by the availability
of an increasingly wider array of dedicated hardware. Many of the products have to be
cheap to be of commercial interest.

2.2.1 Speech
Speech Recognition

Several research groups are working on the difficult task of continuous speech recognition.
Promising results using neural networks are described in [86]. However, the network and
training set need to be large. For recognizing 300 sentences — speaker independently, the
system achieved 4-5% error, which is competitive with statistically based systems. For a
larger recognition problem, the error for the neural network system became twice that of
the best mainstream system. However, the mainstream system is larger than the neural
network based system. As the speech networks get larger they tend more towards networks
that are not fully connected [5]. This is in the form of fully-connected subnets.

Speech Synthesis

NETtalk is a two layer feed-forward network that transforms text to phonemes®, using 203
input units, 60-120 hidden units and 26 output units [118]. The input to the network is
series of 7 consecutive letters from one of the training words, see Figure 2.8.

The central letter is the one for which the phonetic output is to be produced. The three
letters on each side of central character help to determine the pronunciation. The input
word is scrolled through the window of 7 letters so that each letter, one after another, is
placed in the center of the window. The network can be used for continuous text or a
dictionary of words. For the latter approach, the words are moved through the window
individually. Thus, empty letters are added in front of and after the input word as seen in

5Elementary speech sounds.
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Phoneme output:

Output Units ocoo=o

Hidden Units ococoococo00000 e o

N

Input Units 00«0 00w0 00=0 00wO 00wO 00wO 0O0=O0
Input word: | \ \ [ c Ja ] t] \

Figure 2.8: Schematic drawing of the NETtalk network.

the Figure 2.8. For a 1000 word training set, 98 % correct transformation was reported.
The training set is freely available and is often used as a benchmark.

2.2.2 Image Processing
Satellite Images

Remote sensing is of interest for agricultural, environmental, and weather control applica-
tions. For some of these it is necessary to identify human-made structures like roads or
residential areas. Wolfer has shown that neural networks can be used to extract roads in

raw Landsat TM images [155].

Face Recognition

High order neural networks have been used for human face recognition [33]. The network
consists of a preprocessing network followed by a feed-forward network with one or two
hidden layers. Four image planes, each of 16 x 16 elements, are input to the network. The
originally proposed network had to be reduced to make computer simulations possible on
a 1486 personal computer. The recognition rate varied according to the transforming —
scaling and rotation, of the input image. In the best case, over 96 % of the transformed
training patterns were classified correctly.

Medical Imaging

Much research is published within the field of medical imaging [151]. Molecular biology
is one area in which neural networks often outpace traditional tried methods. However,
in most other areas, neural networks have not yet been shown to outperform statistical
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techniques. A feed-forward neural network used for cancer cell classification is described
in [52]. A classification accuracy of as high as 96.8 % was obtained. The method is based
on using extracted features from the raw image as input to the network.

Analyses of smears for cervical cancer is investigated by McKenna [80]. 80 features were
derived from the Fourier spectrum of each 256x256 pixel image and used as input to the
network. The classification rate was 92.9 %, higher than the 91.3 % achieved by the
Bayesian classifier’”. One hidden layer resulted in better performance than two hidden
layers. The classification rate by using the neural network was for all experiments higher
than by using the Bayesian classifier. A second experiment indicated that images of higher
resolution improved the classification rate.

Blood vessel detection in angiograms has been shown to obtain a superior 92% classification
performance by using BP trained networks, compared to 68% and 83% for Bayesian max-
imum likelihood classifier (MLE) and iterative ternary classification (ITC), respectively
[99]. Including more hidden layers was shown not to result in a performance improvement.

Object Inspection

Object recognition is one of the key problems in factory automation. Kang [59] proposes
a system for inspection of objects moving down a conveyor belt based on a feed-forward
neural network. 94% correct recognition was obtained for the two objects used in the
experiments.

Onda et al. [104] have designed a neural system for identification of metal welding defects.
The average identification rate is 75 %, reported to be approximately equivalent to that
obtained by expert engineers. Training of the network required about three hours on their
neuroboard based system.

Shiotani et al. [120] show that a FF-NN can be used to speed up the recognition of over-
lapping plant cell objects. The neural network directs the movement of a window to place
an object of interest within the window. Afterwards, a template matching system is used
to check the located object.

Road and Obstacle Recognition

A vision system for real time recognition of traffic situations is described by Tsinas [145].
Separate FF-NNs are used for recognizing the driving lane and obstacles on the lane,
respectively. The time for processing an image of a road scene varied between 0.1 s and
0.65 s on a 486 PC running at 50 MHz. Recognition of 2 minutes of real time video
recording reported the one obstacle present and produced one false alarm.

"Statistical pattern recognition.
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Image Compression

Multi-layer neural networks can be used to transform image data into compressed data by
reduction of the spatial redundancy [128]. The number of neurons in the hidden layer is
chosen to be smaller than in the input and output layer. Thus, the output of the hidden
layer is a compressed image, and the output layer de-compresses the image. In order to
increase the generalization properties, the image is dived into blocks. By dividing the
original image into 8x8 pixel blocks and using an adaptive compression ratio according
to the complexity of each block, 25:1 compression ratio was obtained by Cho et al. [18].
However, they report higher ratios by use of Self-organizing Maps.

Optical Character Recognition

Recognition of characters in printed documents seems to be almost error free, whereas hand-
written characters still make recognition prone to errors. In the work of Diep the network
recognizes multi-size and multi-font printed characters successfully [27]. Garis achieved
handwritten writer-independent digit recognition of 92% [41]. The network consists of a
preprocessing network followed by a single hidden layer network. However, combing two
neural networks, one which inputs the digit image and one that inputs the contour of the
digits, resulted in 97.8% correct recognition [133].

Recognizing Paper Bills and Coins

Automatic recognition of paper bills and coins is an important issue for vending machines
and within banking. Error free recognition of Japanese or U.S. paper currency is proposed
by Takeda and Omatu [131]. To reduce the size of the network a technique called random
masks is used. Some parts of the scanned input are covered using random masks. The sum
of the pixels not covered is used as input to one input unit. Other masks are used for the
other input units. The masks used in the training of the network are also applied when the
network is used for recognition. This method implies that the number of weights in the
network can be reduced to 1/10 of the original number, without increasing the recognition
error.

A coin classification system can be based on several different kinds of sensors — acoustic
and weight based, used as inputs to a FF-NN. 100% accuracy was obtained by this kind
of system for recognition of British coins [29].
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2.2.3 Miscellaneous Applications
Weather Prediction

Weather prediction normally involves computations using approximations of complex math-
ematical models. The prediction models require detailed information of the areas to be
studied. Carpintero et al. [14] used Adaptive Time-Delay neural networks for local, short-
term weather forecasting. The input is METOSAT images and local information about
temperature, pressure, speed and wind direction, and visibility. Promising predictions
of temperature and wind speed were obtained, although no comparison with traditional
methods was undertaken.

Rainfall prediction using a neural network with 2 hidden layers is presented in [16].
Infrared-light and visible-light images from geostationary meteorological satellite (GMS)
are used as input data. An average classification accuracy of approximately 90 % is re-
ported.

Sonar Return Classification

Gorman et al. [43, 44] used feed-forward neural network to the classification of sonar
returns from two underwater targets, a metal cylinder and a similar shaped rock. The
network classification performance was shown to be better than that of trained human
listeners. The network uses one hidden layer and 60 continuous-valued input units. The
best performance was achieved in the case of 24 hidden units. However, this was only
slightly better than that achieved with only 12 hidden units. Two output units were used,
where (1,0) represented a return signal from a metal cylinder, and (0,1) represented a
return signal from a rock. A set of 208 returns (111 cylinder returns and 97 rock returns)
were used in the experiments.

2.2.4 Commercial Products
Magnetic Character Reader

Verifone has developed the Onyx check reader, which does Magnetic-Inc Character Recog-
nition (MICR) of the digits on the bottom of checks. The company claims 99.6 % accuracy
even with checks that are crumpled or overwritten [48]. The character reader uses a custom
chip designed by Synaptics. The chip combines a retina-like optical sensor with a neural
network.
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Financial Forecasting

By training a neural network to mimic a market, its prediction can be used to guide in-
vestments. As described by Hammerstrom [48], many companies are secretly using neural
networks for various financial tasks. However, little information is available on their meth-
ods and results, since neural networks have demonstrated an outstanding performance. A
system mentioned in the article was tried for two months with a $ 10 million investment.
The performance was 2.8 % above bench-marked performance.

Process Control

Neural networks are ideal for process control because they can build predictive models of
the process directly from multidimensional data collected from sensors [48]. The networks
need history — which is often abundant, and not theory — which is often absent. Thus, neural
networks are well-suited for predicting, controlling, and optimizing industrial processes.

2.2.5 Summary of Applications

Application Data set | Network size (I x H x O) | No of tr. pat.
Blood vessel det. in angiograms [99] 121 x 17 x 2 75
Cancer cell classification [52] 3600 x 20 x 1 467
Coin recognition [29] 259 x5 x 6 -
Handwritten digit recognition (P) [41] [102] 32x15x 10 2000
Image compression [18] 64 x 8,6,4 (x 64) -
Location of plant cells in images [120] 100 x 15 x 10 52;67;69
NETtalk text-to-phonemes [118] [116] 203 x 60-120 x 26 5438
Object detector [145] 961 x 50 x 1 50
Object inspection [59] 4096 x 64 x 2 -
Optical character recognition [27] 3000 x 20 x 94 94
Optical character recognition [27] 2500 x 100 x 94 1,128
Papanicoloau smear cell classification [80] 80x6x1 702
Paper currency recognition [131] 128 x 64 x 12 -
Road classifications in satellite images [155] 56 x 20 x1 552
Speech recognition [86] 234 x 1000 x 61 1,300,000
Speech recognition [86] 351 x 4000 x 61 6,000,000
Welding defect identification [104] 15x10x9 1024

Table 2.1: Neural network applications using feed-forward neural networks. A
reference to the data set is given if it is freely available. (P) indicates that a
preprocessing network is used in front of the FF-NN inputs.
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Data set No of elements per pat. No of patterns

26 capital letters, 20 different fonts [123] 16 units 20,000
Isolated handwritten digits (49 writers) [102] 32 x 32 pixels 3,471 characters
NETtalk corpus [116] 29 per character 20,008 English words
Sonar return data [117] 60 units 208

Table 2.2: Freely available data training sets.

Table 2.1 lists a summary of back propagation applications. As far as possible, variations
in the network structure are indicated. Some freely available training sets are given in

Table 2.2.

2.2.6 Do Neural Network Applications Need Parallel Hardware?

From the survey in the previous section, at least two common characteristics of many
applications are noticeable. They indicate that the ANNs are quite different from the
complex organization of the human brain. First, the networks are small enough to be
trained and applied on a computer with a single processor. Only in a few instances has
parallel processing been used. The survey concentrated on large networks, thus many
other applications using small networks have been omitted. Second, the output neuron
layer often consists of a small number of neurons. The latter indicates that allocation of
many processors for computing the output layer is unnecessary.

Several researchers have reported the need for selection of good feature vectors to make
the network smaller and executable on their serial computers. They demonstrate that the
same level of performance can be obtained as when using larger networks. Reports about
improved performance by using larger neural network are few. Mainly all are based on a
single hidden weight layer. Most of the published applications are from academic work.
Since commercial companies rarely publish in scientific conferences, there probably exist
many commercial applications which are not described here.

It is obvious that some of the neural network applications require parallel processing, i.e. for
speech recognition this is required both for training of the network and when the network
is applied for recognition of real time speech. However, quite many applications can be
successfully implemented without parallel hardware. This may also be necessary for a
product to be marketable, e.g. control applications in consumer products. However, it is
still possible for parallel processing to be used to reduce the training time of an application.



Chapter 3

Parallelization of Feed-Forward
Neural Networks

The degrees of parallelism in BP training for feed-forward neural networks were introduced
in Section 2.1.2. In the first part of this chapter, each backpropagation parallel degree is
described in greater detail and an overview of parallel processing is given. The second part
of the chapter contains a survey of published work on mapping of parallel BP training onto
parallel architectures. This includes both general purpose systems and special purpose
architectures like neurocomputers.

3.1 Distributed Computing for Each Degree of BP
Parallelism

This section first describes training set partitioning. Then the other main parallel degree,
network partitioning, is detailed by describing pipelining and node parallelism.

3.1.1 Training Set Parallelism

Training set parallelism is also called data parallelism, since the training set is partitioned,
not the training program. An example is given i Figure 3.1 for training of the English
alphabet.

Each PE has a local copy of the complete weight matrices and accumulate weight change
values for the given training patterns. The neural network weights must be consistent across
all the PEs, thus weights are updated in a global operation (learning by block/epoch). The
weight change values of each PE are summed and used to update the local weight matrices.

27
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Figure 3.1: Training set parallelism for learning the English alphabet.

3.1.2 Pipelining

o O
Wo ?f Processor
Output A l B l C l
Wh Hidden | A | B [|[A] ¢ [B] D |C]|
Tir;e
Figure 3.2: Mapping of the weight Figure 3.3: Pipelining of the training
matrices for pipelining. patterns.

In pipelining, the different weight layers are computed in different PEs as illustrated in
Figure 3.2. Figure 3.3 shows a pipelining example. First, the hidden layer processor
computes output values of training pattern A. The output processor reads the values and
computes output and error values of A. The hidden processor concurrently processes the
next training pattern (B). Then, it reads the hidden error for A and both processors
accumulate the weight change values for A. This method interleaves the forward phase
with the backward phase. A further extension is to execute the two training phases in
parallel [111].

3.1.3 Node Parallelism

As described in Section 2.1.2, node parallelism contains two sub-degrees of network paral-
lelism: neuron parallelism and synapse parallelism. The parallel mapping schemes, which
use a mixture of these two, are named node parallel methods. Below, each of the two
sub-degrees are explained.
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Neuron Parallelism

The most common way to parallelize feed-forward network is by using neuron parallelism,
also called vertical slicing. Figure 3.4 indicates the principle for an example of three
processing elements.

Figure 3.4: Neuron parallelism, also called vertical slicing.

All incoming weights to one hidden and one output neuron are mapped to each PE. That
is, each PE stores all the incoming weights to the neuron assigned to that PE. The network
slicing corresponds to storing one row of the weight matrix in each PE. The output of the
neurons is computed by the matrix-vector product

Yyra Wr11 Wr,12 WL 13 T
Yr2| = | W21 W22 W23 | | T2 (3.1)
yL,3 Wr,31 WL,32 WL,33 T3

where

L = {Layer | Layer € {h,0}}

First, the value of one hidden neuron is computed in each PE. Then, each PE exchanges the
values — e.g. over a ring bus, and continues by computing the value of the output neuron.
The hidden layer error is a computed based on the output error. This can, according to
Equation 2.16, be formulated as a vector-matrix product

50,1 W11 Wo,12 Wo,13
! ! !
[5h,1 | 5h,2 | 5h,3] = 50,2 Wy 21 Wo,22 Wy, 23 (3.2)

50,3 Wy 31 Wop,32 Wy,33

Since the weights are stored in row order, the sum-of-products is computed by adding
partial products. However, more effective summation could be achieved if the weights were
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stored in column order. Thus, some implementations store the weights twice, both by row
order — for forward pass, and column order — for backward pass. Either duplicated weight
updates [157, 61] or communication of the weights [89] is by this method required. The
former has been shown to be the most efficient [89].

If the number of neurons in a layer is larger than the number of PEs, each PE compute
more than one neuron from each layer.

Synapse Parallelism

Instead of mapping the rows of the weight matrices to each PE, the columns may be
mapped. In synapse parallelism, each PE computes a partial sum of the neuron output as
indicated in Figure 3.5.

o
.

Output
Layer

Hidden
Layer

Figure 3.5: Synapse parallelism.

The computation is more fine grained than for neuron parallelism. The sub-results from
each PE have to be added and broadcasted to all PEs before the next layer can be com-
puted. The advantage is that the hidden layer error can be computed without communi-

cation
50,1 Wy 11|Wo,12|Wo,13
[6h,1 | 5h,2 | 6h,3] = 50,2 Wy, 21|(Wo,22|Wp,23 (33)
50,3 Wy, 31|(Wo,32|Wp,33
Thus, some implementations use neuron parallelism in the first layer and synapse paral-

lelism in the second layer. The two degrees can be combined for both weight layers, as is
described in Section 5.1.2.
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3.1.4 Dimension of Each Parallel Degree
Each parallel degree has an inherent limitation given by

Training set parallelism: The number of patterns in the training set
Pipelining: The number of weight layers
Neuron parallelism: The number of hidden units and output units

Synapse parallelism: The number of input units and hidden units

Thus, this indicate the maximum number of processing elements that can be assigned to
each degree of parallelism.

3.2 Parallel Computers for Simulating ANNSs

Parallel processing of neural network simulations has attracted much interest during the
past years. The training and use of neural networks can be represented mathematically
as linear algebra functions that operate on vectors and matrices [81]. Thus, standard
parallelization schemes can be exploited. Parallel architectures for simulating neural net-
works can be subdivided into general-purpose parallel computers and neurocomputers.
Neurocomputers are designed as boards and systems for high speed ANN simulations [6].
Neurocomputers can be classified as general-purpose or special-purpose [144]. A general-
purpose neurocomputer is programmable and is capable of supporting a large range of
neural network models, whereas, a special-purpose neurocomputer implements one neu-
ral model in dedicated hardware. The latter benefits from higher speed than the former.
Most neurocomputers are based on processing elements computing in parallel. A survey
by Solheim [125] lists about eighty different digital neural hardware projects. However,
only twenty of these proposed architectures have been implemented. These systems are
designed and built by either research institutes or commercial companies.

3.2.1 General Aspects of Parallel Processing

A parallel computer usually consists of a number of processing elements (PEs). Each
processing element® consists of a processor and memory. The memory can either be on
the processing chip or on separate chip(s). Recently, neural circuits have been produced
containing several PEs on a single chip. Since the processing elements may have to exchange
data with their neighbors, a communication module may be required for each PE.

IThe name processing element was originally used for simple elements in SIMD computers, but are
used today also about the more complex elements in MIMD computers.
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A number of topologies exists for interconnecting PEs [147]. The most common ones are
shown in Figure 3.6: Broadcast bus, ring, array, 2-D mesh, 2-D toroidal mesh (2D-torus),
3-D mesh and hypercube. 1-D systems have a much lower optimal processor count than
2-D and 3-D systems [6, 55]. This means that much finer grained parallel processing can
be realized by using a multidimensional topology.

gty e
a) Broadcast bus coe

b) Ring
LX) —E
c) Array
d) 2-D mesh e) 2-D toroidal mesh

g) Hypercube

[] Processing element

f) 3-D mesh

Figure 3.6: Processor topologies for simulating ANNs (from [147]).

Designers of parallel programs should be aware of Amdahl’s law, whose essence is that
the improvement of overall system performance due to the speeding up of one part of the
system is limited by the fraction of the job that is not speeded up [5].

Parallel computers can be classified according to Flynn’s classification, based on the number
of simultaneous instruction and data streams[54]:

SISD Single Instruction stream Single Data stream — sequential computer with a single

CPU.
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SIMD Single Instruction stream Multiple Data streams — a single program controls
multiple execution units.

MISD Multiple Instruction streams Single Data stream — systolic arrays with pipelined
execution.

MIMD Multiple Instruction streams Multiple Data streams — computers with more than
one processor and the ability to execute more than one program simultaneously.
Computers in this category are also called multiprocessors or multicomputers de-
pending on shared or distributed memory, respectively.

A special execution mode of MIMD has been defined:

SPMD Single Programs operating on Multiple Data streams — means that the same
program is down-loaded onto all the processing elements. The processors are
usually performing the same operations but on different parts of the data [87].

Several different methods are possible for inter-processor communication. The two major
switching methods for communication [54] are:

Circuit switching, A physical path is established between the source and the destination
before message is sent. SIMD machines frequently use circuit switching.

Packet switching, A message is split into fixed or flexible sized packets. Each packet is
routed through the interconnection network independent of other packets. As such,
packets may take different routes through the network. MIMD machines are usually
based on packet switching.

Two major concerns in parallel implementations are:

Load balancing, To minimize idle time it is necessary to keep the processors active. Fach
processor should be given an equivalent computation load.

Communication, To maximize the time processors perform computation, communica-
tion should be minimized. Moreover, the communication should be distributed as
evenly as possible over all the communication links [8].

As the number of processors increases, these factors become more dominating. One of the
main purposes of the work presented in this thesis is to show how fixed mappings of neural
networks to large parallel systems can be weakened by these problems. Further, solutions
to minimize these problems are proposed.

The computation grain size is an important factor in load balancing [25]. Grain size
determines the basic program segment chosen for parallel processing [53]. Fine grained
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parallelism means that the computation is spread over a number of small tasks, whereas,
for coarse grained parallelism, the tasks are substantially larger. Some computers are suited
for coarse grained computation (i.e. message passing MIMD computers), while others are
designed for fine grained computation (massively parallel SIMD computers).

Complexity modeling is a way to theoretically specify the upper bound on running time
of a program. It is specified by the “big-oh” notation. For an input size n, O(n?) means
that there are positive constants ¢ and ng, such that for n equal to or greater than ng, the
running time for a program is T'(n) < cn®.

3.3 A Survey of Different Parallel Implementations

Many different mappings of BP onto parallel computers have been proposed and imple-
mented — both for general purpose and specially purpose computers. In this section, a
description of the published work surveyed by the author of this thesis is presented. As
far as possible, both the architecture and the parallel implementation are described.

Mapping of neural network models onto parallel architectures may be categorized into two
general groups: heuristic mapping and algorithmic mapping [72]. Most of the proposed
mappings are of the heuristic kind. They are generated by trial and error based on know-
ledge about the algorithm and the target machine. The algorithmic technique relies on a
systematic approach to the implementation. The work by Fujimoto et al. ([39, 40]), and
Kumar et al. [65] belong to the algorithm mapping category. Moreover, some theoretical
studies of parallel algorithms have been made, which are described in Section 3.3.3. The
majority of other surveyed mappings assign PEs according to the number of elements in
a single degree of parallelism e.g. the number of neurons. The same mapping is used for
all kinds of neural applications. However, only a few networks and training sets will run
optimally on a fixed mapping. What ought to be considered is what degree of parallelism
should be included and how many PEs should be assigned for each of them to minimize
the total training time.

Overview of implementations on the computers applied in this work — AP1000 and RENNS,
will be given in the next chapter.

3.3.1 General Purpose Computer Implementations

In this section, BP neural network simulations on various general purpose machines are
described. A summary of the degrees of parallelism used and performance results are given
in Section 3.3.10 and 3.3.11, respectively.
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MasPar MP-1

MP-1 is a massively parallel SIMD computer from MasPar Computer Corporation. A vari-
ant of the mesh topology connects PEs to their 8 nearest neighbors — horizontally, vertically,
and diagonally. In addition to nearest neighbor communication, there is a global router
which allows any PE to send data to any other PE. However, the communication band-
width is much larger for the nearest neighbor communication than for the global router. A
fully configured system consists of a 128x128 array of PEs. Several node parallelism based
implementations have been made for the machine. Chin et al. have made a node parallel
implementation where the weights are ordered so that one (or more if available) column of
PEs correspond to a single neuron [17]. For a 256 x 128 x 256 neural network, based on
the results from smaller systems, 10 MCUPS is estimated for a 16K PE array [45].

Node parallelism and training set parallelism are combined in [22] for a 64x64 system. Each
row of the array of PEs is assigned a copy of the network. Within each row neuron par-
allelism is used for computing the activation values of the hidden neurons. Then, synapse
parallelism is used for computing the output activation values. A master processor adds
the partial sums together and computes the output error. The error values for the hidden
layer can then be computed by neuron parallelism. A network of 128 input neurons, 64 hid-
den neurons, and 16 output neurons achieved a maximum performance of approximately
12 MCUPS for 1536 training patterns. The weights were updated by learning by epoch.

A neural network simulator, Stuttgart Neural Network Simulator (SNNS), has been de-
veloped at the University of Stuttgart [160]. It is a portable software tool to generate,
test and visualize ANNs. Many different learning algorithms have been implemented. A
parallel SNNS kernel for multilayer feed-forward networks runs on MasPar MP-1216, which
is the 16K PEs version of the MasPar computer. Two mappings are proposed based on
a combination of training set and neuron parallelism. The first scheme assigns one PE to
each vertical slice of the feed-forward network, which includes one neuron from each layer.
The number of necessary PEs is equal to the number of neurons in the largest layer, except
the input layer. Further, as many multiple copies as possible of the neural network are
made to utilize all the PEs. The NETtalk network with 120 hidden units was trained in 41
MCUPS (down-loading time for training patterns from the host was not accounted for).

One of the biggest problems identified was the overhead for down-loading the training
patterns from the host to the parallel system. To avoid a single PE storing the remaining
input values for an input layer greater than the other layers, the second implementation
assigned the number of PEs equal to the largest number of neurons in any layer. A
performance measure (including down-loading time for the training patterns) for NETtalk
was 17.6 MCUPS. Fewer networks can be trained in parallel and more PEs become idle
for networks with the largest number of neurons in the input layer.

A third prototype that combined training set parallelism and node parallelism gained
slightly better peak performance than the second implementation. However, in this method,
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a variation in the number of neurons in each layer leads to dummy weight values in some
of the PEs. The results from all three schemes demonstrate a performance dependence on
the number of neurons in each layer. An unequal number of neurons in each of the layers
reduces the performance.

IBM GF11

IBM GF11 is an experimental SIMD machine with 566 processors interconnected by a
Benes Network®. BP has been implemented on this machine using training set parallelism
[154]. The weight changes are summed by a binary tree processor configuration. To reduce
the memory latency time, a subset of the weights are stored in SRAM. In this case, several
patterns are processed on these weights before a new subset of weights is loaded into SRAM
as opposed to finishing one training vector before a new one is input. NETtalk with 60
hidden units and a training set of 12022 patterns (epoch update) learned at 900 MCPS
— no measure for CUPS given, on 356 processors. A ring summing algorithm achieved
the highest performance for 128 processors of 222 MCPS, confirming the limitation of
processors connected by a single ring.

Hypercube Machines

Simulation of BP trained neural networks on NCube/47 is reported by Kerckhoffs [61].
NCube/4" is a 4-dimensional hypercube machine with 16 processing elements. Larger
systems of 128 and 1024 PEs are available. A PE can communicate with other PEs by use
of asynchronous DMA. The implementation distributes the neurons in each layer between
the PEs of the hypercube. A comparison was made between single weight storage and
double weight storage for the output layer. For the double weight storage, the forward pass
uses neuron parallelism — Equation 3.1, while the backward pass uses synapse parallelism
— Equation 3.3. The same double weight storage scheme is employed for MUSIC — see
Section 3.3.6. The drawback of this method is that the weights are stored and updated
twice. Thus, the results show roughly equivalent communication time, but less computation
time for the single weight storage scheme. The peak performance is 0.19 MCUPS. For
synapse parallelism the broadcast time has been shown to increase linearly for a NCube
size from 1 to 128 [132]. It is concluded in the paper that the effect of reducing the training
time by this parallel implementation is minimal.

The hypercube computer Intel iPSC/860 is capable of being configured with up to 128
Intel 1860 processors. A node parallel implementation of BP on a 32 PE version of the
iPSC/860 is given in [58]. The network is partitioned vertically, i.e. all input neurons and
at least one hidden unit is mapped to each PE. Each PE computes the output value of

2 A multistage switching network that can perform all possible connections between inputs and outputs.
Conflicts in the use of switches or communication links are solved by rearranging connections [53].
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its assigned hidden neurons (neuron parallelism). Then, each PE computes a part of the
output value based on the assigned hidden units (synapse parallelism). Thus, the only
communication required in the forward pass is to sum the partial sums of the output units.
For the NETtalk application with 80 hidden units, 11 MCUPS was reported. The weights

were updated for every 2000 training vectors.

Connection Machines

Singer gives a review of five different ANN implementations on the Connection Machine
(CM-1 and CM-2%) [122]. The most sophisticated of those is developed by Zhang et al.
[161] for the CM-2. This is a massively parallel SIMD computer with between 16K and 64K
processors, each consisting of a one bit processing unit and 8KB or 32KB local memory.
Moreover, every 32 processors share one floating point unit. The parallel BP algorithm
combines neuron parallelism and training set parallelism. It will be fully described in
the next chapter. An implementation published by Rosenberg and Blelloch assigns one
processor for each neuron in the network and two processors for each weight [111]. This
is an inefficient processor assignment and they suggest an improved algorithm using one
processor per weight and no separate processor for each neuron. Further, to avoid only
processors with weights from one layer to be active at each time, pipelined computation —
as described in Section 3.1.2, of the training patterns is suggested.

BP for CM-5 is presented in [75]. The CM-5 consists of 544 PEs, each a 33 MHz SPARC-2
chip with its own 32 Mbyte memory. The mapping is based on node parallelism, where the
input and output neurons are evenly distributed over all processors. To use the Control
Network for adding operation and avoid message passing communication, all the hidden
neurons are mapped to each processor. Each processor computes a part of each hidden
neuron sum in parallel — synapse parallelism. The partial results are summed and the sum
is sent to all PEs. Then, each processor performs the sigmoid function. This is said to be
the only redundant computation in the scheme. For the output layer, the PEs compute the
outputs in parallel. No communication is needed since all hidden layer outputs are readily
available in every processor. The implementation was tested on protein tertiary structure
prediction with a network of 257 input neurons, 256 hidden neurons and 131,072 output
neurons. For 512 processors a performance of 76 MCUPS was obtained. For a CM-5 with
32 PEs, the NETtalk network (80 hidden units) learned at 18.33 MCUPS using a batch

implementation [1].

Kumar et al. [65] propose a hybrid scheme using node and training set parallelism for
hypercube architectures. The node parallel scheme is similar to the one described in Sec-
tion 5.1.2 and called checkerboarding. This method makes all-to-all broadcast unnecessary,
since only communication within rows or columns is needed. The processors are parti-

3CM-2 is the same architecture as CM-1 with some added features like floating point accelerators and
larger local memory.[146]
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tioned into clusters. A cluster forms a hypercube and contains one copy of the network.
Each cluster contains different training patterns. The method makes it possible to vary
the number of processors assigned to node parallelism against those assigned to training
set parallelism. Theoretical expressions for the total training time were derived based on
the cost of computation and communication. The computation cost was based on time
per weight per pattern, while communication cost was based on startup time and per-word
time for communication. The effect of changing weight update interval is not considered.
The expressions are used to compare the model to simpler schemes. A non-optimized ver-
sion of the hybrid method performed over 50 MCUPS for a 1024 x 256 x 64 neural network
on a 256 processor CM-5.

Warp

The Warp machine consists of a linear array of 10 PEs called cells. Each cell can commu-
nicate with its left and right neighbors in the array. In a much cited paper, Pomerleau et
al. propose several BP mapping algorithms onto the Warp computer [107]. In the first im-
plementation, columns of weights were stored in each cell — synapse parallelism, whereas in
the second implementation, training set parallelism was used. As only a 32 Kword?* mem-
ory is available in each cell — weights are in the latter implementation, pumped through
the array from a central cluster memory. Nine cells compute the forward and backward
pass, while the tenth is reserved for updating the weights. Each weight is used for all the
training patterns in a cell, before the next weight is received. For the NETtalk network, the
performance was measured to be 17 MCPS (CUPS measurement is not reported), which
was the fastest performance reported at that time. The synapse parallel implementation
was much slower.

Supercomputers

Supercomputers are an alternative to parallel computers in providing high speed compu-
tation. Supercomputers consist of one or a few complex processing elements. They usually
consist of multiple functional units, vector registers, and a highly pipelined processor. BP
training has been implemented on the Fujitsu VP-2400/10 vectorial supercomputer [113].
The computer was programmed using an extended FORTRANT7 compiler. A high degree
of vectorization is reported. The NETtalk network trained at 60 MCUPS.

Symult S2010

Symult S2010 is a computer with 16 processors. It is a mesh connected message-passing
parallel computer with dedicated hardware for wormhole routing. An interesting BP map-

“Each word is 4 byte.



3.3. A Survey of Different Parallel Implementations 39

ping is described in [3], which combines neuron parallelism and pipelining. The processors
are connected by a ring bus as shown in Figure 3.7.

Figure 3.7: Combined neuron parallelism and pipelining in Symult S2010 (from

[3])-

In this example the three lower processors are designated for the hidden layer, while the pro-
cessors in the upper row are assigned to the output layer. The splicer processor composes
messages of training vectors, one vector per message, which are sent to the first element of
the pipeline — Phl. Each message progresses through the pipeline and at each processor,
activation values are computed and added to the received activation values which are sent
on to the next processor on the ring. After a message has passed all Ph processors, each Po
processor in the ring computes its output activation values based on the received hidden
activation values. Moreover, the output processors compute the output error values which
are also passed through the pipeline. The splicer includes the error values in the training
vector messages to be used for computing weight change in each hidden processor. The
weights are updated by learning by epoch. An expression for estimating the best number
of processors for each layer is derived based on the number of neurons in each layer and
the ratio between computing one hidden layer connection versus one output connection.
The method has a reduced amount of communication. A disadvantage of this method is
that the time for filling the pipeline is proportional to the number of processors. Moreover,
to avoid using old weights after a weight update, the pipeline needs to be refilled after a
weight update.

3.3.2 Interconnected Workstations

For mapping BP training onto workstations background workload has to be considered. A
detailed study of both static and dynamic mapping algorithms is reported in [19]. In the
dynamic case the neurons are re-mapped as the workload changes.

3.3.3 Research by Use of Models of Parallel Machines

In this section, schemes that have not been implemented on a real system are described.
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Data-Driven Systems

Data-driven computation is based on asynchronous parallel execution of computations,
which may be represented by directed graphs. A processor instruction is executed based
on the availability of its data operands. Q-x is a floating point data-driven processor. A
message-passing multiprocessor is able to be configured of up to 1024 processors. The pro-
cessors are interconnected by a 2D-torus communication network. Processing and storage
in the processor is carried out as packets flowing through elastic pipelines. A description of
the mapping of BP onto the architecture is reported in [2]. The scheme is based on com-
bining neuron parallelism and training set parallelism, similar to [161] — see Section 5.2.1.
That is, one row of PEs compute one copy of the network. The neurons are distributed
among the processors in a row by vertical slicing of the network. Performance is evaluated
by using a system simulator for training an image compression 256 x 128 x 256 network.
For 64 processors 44 MCUPS was predicted.

Mesh Topology
A theoretical study of implementing pipelining of training patterns on a mesh topology
is given in [130]. The method is based on assigning a dedicated mesh to each layer, see

Figure 3.8. The hidden layer is computed by p x ¢ PEs and ¢ x r PEs compute the output
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Figure 3.8: Piped-mesh implementation (from [130]).

layer as indicated in the figure. The data for the hidden units are transmitted from the left
to the right mesh. Theoretical expressions for transmission count and computation count
are derived and used to estimate the optimal number of neurons per PE. For a 1024 x 128
x 128 network, 6 neurons per PE (u) is found to be optimal and therefore

[

where N;, N, and N, are the number of neurons in each layer as defined in Section 2.1.
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A framework for implementing neural networks on massively parallel machines is proposed
by Azema-Barac [7]. The model formalizes a speedup for the different degrees of neural
network parallelism on the given parallel machine. Derived expressions for one training
iteration are made based on the grain of parallelism® and the communication overhead.
It is not specified how to estimate or measure the communication overhead. Moreover,
the accuracy of the method is not substantiated. Further, the effect of weight update
interval on the convergence is not considered. The distribution scheme is designed for
node parallelism, training set parallelism, and a combination of these two.

The target machine for implementing the scheme has been DAP 600 (Distributed Array
Processor). This is a SIMD machine with 64x64 PEs, each interconnected to its four nearest
neighbors. One of the the few results given is based on a digit recognition application [9].
A speedup of 50 over a Sparc station is reported.

2D-Lattice Topology

A proposed reconfigurable machine, called Dynamically Reconfigurable Extended Array
Multiprocessor (DREAM) is presented in [119] for implementation of neural networks. It
is classified as a SIMD machine and the PEs are arranged on a 2D lattice, i.e. each PE
is connected to eight of its closest neighbors through programmable switches. Multiple
rings of various lengths can be mapped onto the machine. An embedded ring structure is
proposed for the case of uneven neuron layers in a multilayer network. For a network of NV,
and N;_; neurons in layer [ and [ — 1, respectively, the ring size is set to max{N;, N;_1}.
If N;—y > N; the shorter ring of length N; is embedded into the ring of length N;_; as
shown in Figure 3.9. The shorter ring of size N; is embedded into the ring of size Nj.
The weight matrices are partitioned vertically — synapse parallelism, and the output of a
neuron is computed by accumulating partial sums from each PE. First, N;_; cycles are
used for computing the layer [ —1 outputs. Secondly, a shortened version of the ring, equal
to the Nj, is used for the next layer. Thus, the ring size is dynamically changed as the
computation moves from layer to layer. If the number of neurons is larger than the number
of PEs, time-multiplexing is used for creating virtual PEs.

The results presented in the paper are from analytical estimation and not real implemen-
tations.

Hypercube Topology

A theoretical study of the mapping of a tree structure onto a hypercube topology is pro-
posed in [76]. The trees are used for communication of elements. One tree is used for
broadcasting a value from a root to all the leaves and another tree is used to sum val-
ues from the leaves into a root. O(log N) time is required, where N is the size of the

5The number of neurons assigned to each processor.
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Figure 3.9: A ring of size N, embedded into a longer ring of size N; (from
[119]).

largest layer. The scheme is based on node parallelism, similar to the one described in
Section 5.1.2. Pipelining of the patterns is also suggested included.

Systolic Array Design

A programmable systolic array is proposed in [67] for a wide variety of artificial neural
networks. VLSI is the target architecture for the mapping. A data dependency graph
(DQ) is used to express the recurrence and parallelism associated with the neural network
algorithm. The graph is mapped onto a proposed ring systolic array — one ring for each
weight layer. The weights for one output neuron, i.e. one row of the weight matrix, are
mapped to one systolic element, see Figure 3.10. Thus, both the learning and recall phase
share the same storage and processing hardware. Input elements are rotated across each

C 1% y3 ys yZ)
C yh2 yl;lZ yQZ y@

ring array.

Figure 3.10: Cascaded systolic ANN (from [67]).

The proposed systolic design is efficient when the sizes of the different layers are approx-
imately equal. To make the design applicable for multi layer networks of different sizes,
the number of systolic elements assigned to each layer may be varied. Each weight layer 1s
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mapped to a number of systolic elements equal to the number of rows or columns, depend-
ing of which is smallest in number. A two layer neural network with configuration (3-9-4)
is used in the paper, and the design is shown in Figure 3.11. The hidden weight matrix
is vertically partitioned, and one column of weights is stored in each systolic element of
the lower PE row. The output weight matrix is partitioned horizontally and stored in the
upper PE row. This approach minimizes the number of PEs needed.
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[} [} | |
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G
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Figure 3.11: Systolic design for feed-forward networks with layers of different
sizes (from [67]).

First, the forward pass starts by residing the inputs {z;,2 = 1,2,3} at the corresponding
PEs in the first layer. The bias values are pipelined one-by-one into the array from the
leftmost PE. Each bias input initiates an accumulation operation where the product wy, j;2;
is added at the :-th PE. The complete hidden neuron element y; ; is output at the right-
most PE after 3 accumulation operations. The 9 hidden neuron elements are sequentially
pumped into the upper array of PEs and used for computing the output layer elements
Yo k- After the nine elements y;, ; have passed the four upper PEs, the output y,  is ready
at the k-th PE. In a similar way, the backward phase is computed.

A more general mathematical formulation, covering mapping of a wide range of ANNs to
ring systolic arrays, is presented by the same authors in [68, 69]. However, a single ring is
used and one layer is computed at a time. The design assumes that all the neuron layers
are of uniform size. Further, a systolic mapping where each PE stores a row of the hidden
weight matrix and a column of the output weight matrix is presented in [70, 71]. The PEs
are connected by a ring bus. Each input element is sequentially input to the upper PEs.
The method is extended by using learning by epoch, which allows pipelining of the training
patterns in rectangular arrays of PEs.
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SIMD Mesh-connected Machine Implementations

A fine grain node parallel mapping is proposed in [72, 108]. Although claims are made
that the method is applicable to various SIMD machines, the details are given for the Sys-
tolic/Cellular Array Processor (SCAP). However, no implementation results are reported.
The scheme is based on a graph-theoretic approach, and there is no requirement for fully
interconnected layers. If the the total number of neurons and weights in the network is
less than or equal to the number of available processors, then each neuron and each weight
is mapped to a separate processor. The input elements are then sent to the processors
storing the weights to be multiplied. A transformation scheme is given for transforming
the weight matrix between row and column major order. In the opposite case, where the
number of available processors is less than the total number of neurons and weights, the
data is stored in a global memory. The size of the local memory is very limited. Thus,
the processor array is operating on sub-arrays from the global memory. The essential data
movement operations are realized by embedding a Benes network.

3.3.4 FPGA Implementations

Field Programmable Gate Arrays (FPGAs) have recently become an alternative to full cus-
tom VLSI design. FPGA 1is reasonably priced and makes the development cycle shorter,
in-comparison to VLSI. However, the flexibility leads to less performance and functionality
per unit area of silicon. To fully utilize the flexibility of the FPGA technology it should be
used with run-time reconfiguration. This is exploited in the RRANN (Run-time Reconfig-
uration ANN) system [28]. That is, the BP algorithm is divided into sequentially executed
stages: At run-time only one stage is configured on the FPGA at a time. Since only one
stage is used at any given time, more hardware resources are available for each stage. In
the system, 6 neurons are mapped to each FPGA (XC3090). Results show that to achieve
a higher performance, than that achieved by a non-run-time reconfigurable system, more
than 22 FPGAs need be used. This is due to the re-configuration overhead.

A system for feed-forward recall-phase is presented in [13]. Each hidden and output neuron
is implemented in 2 FPGAs (XC3042) connected to an EPROM. The EPROM contains a
lookup table for the sigmoid activation function. A network with 5 input units, 4 hidden
units and 2 output units executes at 4AMCPS. They conclude that the size and speed of the
system can be greatly improved by using higher density FPGAs. An experimental project
called REMAP consists of building an entire computer using only FPGA and memory [73].
It is based on bit-serial processing elements with SIMD control. The PEs are designed for
neural computation. A full-scale prototype (256PEs) can run in 10 MHz.

Since one of the main bottlenecks in implementing ANNs in FPGAs is the multiplication
operation, the circuitry devoted to multiplication must be significantly reduced, according
to Bade and Hutchings [10]. This can be accomplished in two ways. First, by reducing the
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number of multipliers and/or secondly, by reducing the complexity of the multiplier. Bade
and Hutchings propose to use bit-serial stochastic computing to reduce the circuitry nec-
essary for multiplication. That is, to represent signal values as long bit-streams according
to the statistical distribution of “1”s in the bit-stream. Then, multiplication can be imple-
mented as a bit-wise Boolean (“and”) operation, which is implemented as a lookup-table.
Since FPGAs are normally based on lookup-tables, this scheme is very efficient. The sys-
tem can process 181K patterns per second (recall phase). This is regardless of the network
size. The drawback of the method is that learning is difficult due to lack of precision.

3.3.5 Transputer Implementations

A transputers chip contains a microprocessor, memory, and ports for communication. The
most commonly used transputer is the INMOS T800.

An analysis of a transputer system shows that for a fully or randomly connected neural
network, the topology of the processor network only has a small, constant effect on the
iteration time [92]. An expression for the optimal number of processors is derived. Commu-
nication overhead is shown to be a major limiting factor in the efficiency of implementation
on transputers.

Yoon and Nang [156] have shown that hypercube networks have less communication time
complexity than mesh networks for backpropagation training. Thus, as the number of
processing elements involved increases, the performance of hypercube mapping outpace
the mesh mapping. The model was verified by implementations on a transputer system.

In [20], a neural specification language is defined. The purpose is to parallelize neural
networks automatically based on a high level language. The parallelizing scheme only con-
siders neuron parallelism. The approach scales acceptably for a system of 13 transputers,
when the network consists of a large number of neurons.

Transputers Interconnected by Mesh or 2D-Torus Network

Fujimoto et al. propose a load balanced mapping of the BP and Hopfield neural networks
onto both a Toroidal Lattice Architecture (TLA) [40] and a Planar Lattice Architecture
(PLA) [39]. A TLA is a one-way directed 2D-torus network, while a PLA is a bidirectional
mesh network. Both schemes are based on mapping a single weight to a virtual processor.
Thus, the method uses node parallelism, i.e. both neuron and synapse parallelism. The
matrix of virtual processors is partitioned into sub-matrices, each of which is mapped to
a real transputer processor. Before the partitioning, the rows and columns in the virtual
matrix are permuted so that each sub-matrix contain an equal amount of computation
(multiply-accumulate and sigmoid computation).

A feed-forward network of 256 x 64 x 256 neurons is used in the work. The performance
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for a 16 transputer system interconnected by a PLA is estimated to be slightly higher than
that achieved on a TLA interconnected system. An implementation on TLA learned at 0.6
MCUPS. The conversion rate from MFLOPS to MCUPS is roughly estimated to 1/40 in
the worst case. The proposed schemes are proved to exhibit almost linear performance with
respect to the number of processors when expanded for large scale neural networks. The
processor topologies are planned implemented in wafer scale integration (WSI) technology.

The research reported in [106] considers each layer of the network as a stage of a pipeline.
Theoretical expressions for the performance of an implementation of pipelining and node
parallelism on a 2D-torus transputer system is given. The weight matrices are divided into
Qx(Q) blocks, where () represent the number of PEs in a row or column. The matrix-vector
product is obtained by broadcasting the input elements along columns and accumulating
sub-results in the rows. This is similar to the method presented in Section 5.1.2. However,
in this work, little is said about the mapping of pipelining of the computation in the layers
onto the computer.

Results from a 16 transputer system show that for a three neuron layer network, the
time usage for the pipelined and the non-pipelined implementation was almost identical.
Preliminary experiments show that the pipelining algorithm — using delayed weight update,
seems to converge in the same way as the non-pipelined algorithm — updated after each
training pattern. It is concluded that pipelining increases the computation load versus
communication per processor and enables the computation to be more evenly distributed
throughout the network. Thus, pipelining is preferable since the overhead of its operation
is negligibly small.

Transputers Connected by a Ring

A thorough study of training set parallelism on a ring of 32 T800 transputers is undertaken
by Paugam-Moisy [105]. Each transputer is assigned an equal number of training patterns,
and different block sizes are tested for learning by block. For a classification application —
described in Section 2.1.7, the total training time is computed for different weight update
intervals — see Section 7.2. A block size in the range [192, 384] is found to be optimal.
A model is also made for estimating the time for one training iteration and estimation of
number of iterations needed for convergence is undertaken — see Section 7.2.3.

A transputer ring topology is presented in [162]. The idea is to combine training set
parallelism and pipelining. A three layer network is mapped onto 15 PEs as shown in
Figure 3.12. Each shaded box represents one network cluster. One PE is assigned for each
layer within a cluster. No performance results are given.

The MEIKO Computing Surface is a reconfigurable parallel computer based on the T800
INMOS transputer. A mapping scheme of BP onto this system is given in [23]. The map-
ping scheme combines node and training set parallelism. The method implies that a subset
of the rows of the hidden weight matrix and subset of the columns of the output weight
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Figure 3.12: A transputer ring topology combining training set parallelism and
pipelining.

maftrix are stored in each processor. In this way, no communication between processors is
needed until the partial results from each PE is to be summed to compute the activation
of the output layer. This is done by a master processor. The number of processors that
can be efficiently used, by using only node parallelism and learning by pattern, is 20. For a
larger number of processors, the performance is only marginally increased. A performance
of 8 MCUPS is reported for a 512 x 256 x 64 network, when training set parallelism is
included and the PEs are connected by a 3x40 mesh. A similar mapping is used on the

MP-1 [22].

Transputers connected in a pipelined ring topology are used for training set parallelism by
Foo in [34, 36]. An administrative transputer distributes the training set evenly amongst
the other processors in the pipe. For weight update, each pipe processor receives weight
changes and errors from its upstream neighbor, adds its own weight changes and errors to
these and passes the new values to the downstream neighbor. Thus, the last downstream
processor will hold the overall weight change and the total error. After computing the new
weight values it propagates them back through the pipe. Simulations show that for small
networks the serial implementation out-performs the parallel implementations. An analytic
expression for the training time per iteration is derived. However, the scheme does not
consider the effect of the weight update frequency on the convergence. The weight change
summing seems to be leaving processors idle, even though an improvement is proposed. In
that case, the downstream transputers are assigned a larger number of training patterns

[35]. Using this latter scheme, 1.54 MCUPS is reported for NETtalk using 53 T805-20
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transputers.

Transputer Tree

Several implementations on 9 transputers are reported in [26]. Both fully connected net-
work and the extension of shared weights—receptive fields (SW-RF) network are used. The
latter network is beneficial for shift-invariant feature extraction and improves the general-
ization properties — see Section 2.1.5 and 2.1.6.

The best performance for the SW-RF network (almost linear) is seen when the transputers
are connected in a tree and use training set parallelism. However, the problem of slow
convergence due to learning by epoch is mentioned. Another implemented scheme combines
node parallelism and pipelining. The parallel processing speedup approaches a value of six
for the largest input image size. For a fully connected network the speedup is higher, which
is explained by an increased utilization of the allocated processors. However, the SW-RF
neural network showed better generalization properties.

Transputer Hypercubes

Training set parallelism for hypercubes made up of transputers is studied in [62]. An
O(log n) step algorithm for summing the weight change matrices is proposed. To be able
to use all the communication channels in the cube concurrently, the weight matrix is split
into log n parts, where n is the number of processors. Each part is summed along one axis
at a time. The redundant summation in every two PEs is eliminated by doing one half
of the summation in each PE and exchanging the results. For a small training set, the
described optimizing methods improves the speedup. However, for a training set of 512
samples or more, the difference in speedup is marginal.

The study is restricted to hypercubes of dimension 1, 2, and 3. Moreover, the weight
update interval is not considered. The application used was speech recognition.

A training set parallel scheme is reported in [150] for training a Time Delay Neural Network
(TDNN) for speech recognition. The convergence in the number of iterations varied for
different weight update frequency. However, with no favor for frequent weight updates. 16
transputers showed a speedup factor of 8.8 over a VAX 3600.

Summary of Transputer Techniques

Much published work has been undertaken in this area. Communication seems to be
a bottleneck in large systems. Some of the implementations depend on using a master
processor, which limits the scalability. In many of the projects, training set parallelism is
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employed, see Table 3.3. However, with a few exceptions [105, 150], experiments on the
effect of the weight update frequency on the total convergence time has not been reported.

3.3.6 Digital Signal Processor (DSP) Based Systems

MUSIC (MUlti Signal processor system with Intelligent Communication) is a DSP based
parallel system with distributed memory. A system of 45 PEs with a peak performance
of 2.7 GFLOPS [89] is implemented. Each PE consists of a DSP (Motorola 96002), up to
8Mbyte of Video RAM (VRAM), up to 1 Mbyte of SRAM and an FPGA communication
controller. Each board consists of 3 PEs controlled by a transputer, which also interfaces
the PEs to the host computer. Inter-PE communication is by a pipelined ring. A dynamic
load balancing scheme is implemented, where the operating system distributes data ac-
cording to each PE’s computation in the previous step. An implementation of BP based
on standard neuron parallelism is used — where one network layer is computed after the
other. However, to be able to compute the hidden delta error without using partial sums,
each PE stores a local copy of the weights needed to compute the error. For a network of
two weight layers, this only applies to the output weight layer. This double weight storage
was also used in the NCube/4+4 mapping described earlier.

Weights needed for forward path
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Weights needed for computing hidden delta error

Figure 3.13: The output weight matrix, where the weights required by pro-
cessing element 1 are circled.

Figure 3.13 shows the sub-matrices of the output weights stored in PE 1 for a network of 3
output neurons. The horizontal slice is used to compute the forward pass, while the vertical
slice is used to compute the delta error for the hidden layer. To avoid communicating the
weights, each processor updates both weight subsets individually. Thus, each weight will
be updated twice. Muller el al. claim that this implementation is faster than computing
partial sums of the hidden layer delta error. A performance of 203 MCUPS is reported.
In [125], Solheim has compared several neuron based mapping schemes and found that
storing the weights twice is not beneficial, except for small networks.

RAP (Ring Array Processor) is a neurocomputer designed for continuous speech recognition
at the International Computer Science Institute, Berkeley, California [87]. The machine is
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a DSP based system with a low-latency ring interconnecting the PEs. Each PE consists
of a TMS 320C30 DSP, 4-16 Mbyte DRAM and 256 Kbyte of local memory. FPGAs were
used for the interprocessor ring and the memory controllers. Four interconnected PEs
are contained on each board. To speed up the computation, a library of matrix-oriented
assembly language routines were written. A working system of 40 PEs was used in the
experiments. For a network with 128 neurons in each layer, the learning speed for vertically

sliced feed-forward network was 57.3 MCUPS. Recall speed was 211.1 MCPS.

Based on the experiences of designing RAP, the CNS-1 (Connectionist Network Super-
computer-1) was designed [5]. It is proposed to supply orders of magnitude more computing
capability than RAP. Custom designed VLSI digital processing nodes for neural network
calculations are connected in a mesh topology and operate independently in a MIMD style.
This is different from RAP, which uses standard, commercially available components. The
initial system will be built with 128 processing nodes and a total of 4 GB distributed
storage. The processor consists of a scalar CPU, a vector coprocessor running at 125
MHz, and hardware for communication, which are all comprised in a single chip. A PE
consists of the processor chip and DRAM memory, minimizing the board area required per
processor. The goal is that the minimum configuration should perform recall at 100 GCPS
and learning should in the worst case be 1/5 of the recall speed.

Sandy is a ring-based neurocomputer developed by Fujitsu [60, 158]. The system is based
on TMS320C30, and the PEs are connected by a ring bus. The mapping of BP training is
by neuron parallelism, i.e. vertical slicing. A prototype has been built, running NETtalk
learning at 42 MCUPS.

RENNS (REconfigurable Neural Network Server) is a DSP based parallel computer de-
signed at the Norwegian Institute of Technology (NTH). A description of which is given in
Section 4.2.

3.3.7 Commercially Available Digital Neurocomputers

During recent years several neurocomputers have approached the market. They are all
designed in digital technology® and most of them are general purpose machines. To obtain
high performance they consist of custom designed VLSI circuits and some of them with
reduced floating point precision. The neurocomputers presented in this section all provide
both learning and recall.

One of the first commercially available VLSI neural implementations which offered on-
chip learning was the CNAPS-1064 (Connected Network of Adaptive Processors) chip
from Adaptive Solutions, Inc [46, 47]. Low cost is emphasized for inclusion in commercial
applications. Each PE was made as small as possible to maximize the number of PEs on a
single chip. The chip contains a parallel array of 64 PEs — called processing nodes (PNs),

6Information about commercial machines using other technologies has not been seen by the author.
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configured for SIMD operation, as depicted in Figure 3.14. The CNAPS Server II offers
from 64 to 512 PNs.

Sequencer
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Figure 3.14: The CNAPS architecture consisting of processing nodes (PNs)
connected together by three global buses. A sequencer chip controls the flow
of data and commands on the buses.

Each processor is a simple digital signal processor with 4Kbyte of local memory. Each chip
can compute 960 million multiply-accumulate operations per second. The weights can be
1, 8, or 16 bits. Multiple chips can be connected together and are controlled by a single
sequencer chip. The mapping of the feed-forward network is by neuron parallelism, i.e.
one or more neuron(s) is computed in each PN. Neurons from different layers may either
be mapped to the same PN or separate PNs. The NETtalk network learned more than 40
times faster on a CNAPS chip than on a Sun SparcStation.

A similar chip is designed by Hitachi and included into their MY-NEUPOWER neurocom-
puter [115]. One chip consists of 8 digital micro-programmable PEs, each of which includes
local memory for on-chip learning. The machine has been shown to learn at a maximum
speed of 1.26 GCUPS. 32 neural chips are placed on each neural board. Two neural boards
are connected together by a bus which interconnects all the processing elements. This
makes a total of 512 processing elements. The weights are either 8 or 16 bits. The digital
processing elements operate in SIMD mode, as depicted in Figure 3.15. Performance mea-
surements show that the computer can learn 100 to 1,000 times faster than a workstation.

SYNAPSE-1 (SYnthesis of Neural Algorithms on a Parallel Systolic Engine) is a general
purpose neurocomputer developed by Siemens AG [109, 110]. The design of the computer
is shown in Figure 3.16.

It consists of four separate boards. The intensive parts of the neural computation are
undertaken in the MA16 array, while non-intensive computation is performed by the Data
Unit. The design differ from many others by storing the weights on a separate board. The
MA16 array is a 2-dimensional systolic array of ASIC neural signal processors (MA16s),
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Figure 3.15: The MY-NEUPOWER computer architecture.
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Figure 3.16: The SYNAPSE-1 neurocomputer.

arranged in two rows of four columns. Each MA16 itself consists of a linear systolic array of
4 processing modules. A local memory is connected to each MA16 for storing intermediate
results. The weight resolution default is 16 bits. A programming language, called nAPL
(neural Algorithms Programming Language), is defined for the computer. The SYNAPSE-
1 has proved to be 8000 times faster than a SUN SparcStation 2 for computation of one
layer of neurons. The peak performances of the CNAPS server and the SYNAPSE-1 are
stated to be similar. However, SYNAPSE-1 needs less additional hardware for running
large applications.

The SNAP (SIMD Numerical Array Processor) system is designed by HNC for speeding
up neural network applications [81, 82]. It is based on a general purpose chip, HNC100,
designed with a SIMD systolic linear array of 4 processors, each of which implements 32-bit
floating-point arithmetic operations. Figure 3.17 shows the layout of the SNAP system.
Each PE contains a local memory of 512 Kbyte. All the PEs are controlled by a single
instruction from the external controller. Each PE is connected to a triple-ported global
memory for communication to the host processor and/or peripherals. The global data
bus allows data in the global memory to be broadcasted to all PEs at the same time.
Alternatively, data in a single PE can be broadcasted. The SNAP system comprises of 1



3.3. A Survey of Different Parallel Implementations

53

Instruction Bus

Loca Loca Loca e Loca
memory memory memory memory
PEO PE 1 PE 2 PE 63

Bidirectional Systolic Data Bus

Y
To global memory on SNAP Controller

Figure 3.17: The SNAP-64 architecture.

to 4 boards, each with 4 HNC chips, making a total of 16 to 64 SNAP processing elements
in the linear ring array. The largest system of 64 PEs provides 2.56 GFLOPS. A feed-

forward network with 512 neurons in each layer learned at 302 MCUPS on the system of
64 PEs, while 64 neurons in each layer learned at 76.6 MCUPS [124].

General Remarks

Except for SYNAPSE-1, all the systems operate in SIMD mode. The PEs are made as
simple as possible to include as many as possible on a single chip. The BP parallelization
scheme is based on neuron parallelism. It is interesting to note that synapse parallelism
has not been of interest so far.

An important issue when designing a neurocomputer is the 1/O interface. Research ap-
plications on neurocomputers have in some cases performed a thousand times slower than
peak performance due to I/O-limits [5].

3.3.8 Other Technologies

The survey of BP implementations have been for digital target architectures. However,
work is also continuing into the use of other technologies like analog and optoelectronics.
These are based respectively on analog voltage levels and light, for signal representation.
Since these technologies are not yet commercialized and are outside the scope of this
thesis, a survey is not included in this work. Description of the many proposals for VLSI
implementations (both digital and analog) has also been omitted here. Many of these
projects are only “paper-projects” that have not yet been implemented in silicon.
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A survey of Nordstrom and Svensson on parallel implementation of neural network includes
descriptions of some special-purpose neural hardware systems [101].

A survey of hardware implementations of neural networks in Japan is done by Hirai [51].
Several characteristics of neural chips are listed, which appear in Table 3.1.

Advantages Disadvantages
Analog Compact Susceptible to process-parameter variation
High speed Susceptible to noise

Lacks scalability
The precision of synaptic weights is limited
Difficult to make modifiable synapses

electronics | Modifiable synapses possible | Susceptible to noise and parameter variation

Opto- Large fan-in and fan-out Opto-electronic and electro-optic transformation

Digital High precision Large circuit size
High scalability
Modifiable synapses

Table 3.1: Advantages and disadvantages of different chip technologies.

The digital approach is currently the best solution to implement neural networks with
high precision, even though the circuit size for neural networks becomes larger than for
the other approaches. The scalability of digital chips, allows many chips to be easily
connected together. To attain scalability, many analog chips employ a 1 bit digital output.
Hirai concludes that for special purpose use, which does not require high precision, analog
internal circuits with digital output is the best solution. For general purpose use and where
high precision is required, the digital approach is the best. Another opinion [91] is that
often it is desirable to process analog sensor/actuator data without conversion to digital
form. Moreover, a number of tasks, for reasons of speed or integration, require hardware
(preferably analog) implementation [42].

One of the benefits of custom design is that the designer can limit the precision to that
required by the neural algorithm. However it is limited how much the precision can be
reduced. Franzi reports that for fixed point representation, the neural learning only con-
verged in a few cases [37].
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3.3.9 General versus Special Purpose Hardware

Garth [42] gives the following reasons for why so few commercial systems implementing
neural networks in hardware have emerged:

e Hardware solutions are frequently poorly equipped to accept modification to algo-
rithms as they arise, i.e. the trade-off between efficiency and flexibility.

e Difficulties in providing a complete solution. External pre- and post processing may
obliviate many of the advantages of the neural chip.

e Many chips achieve much of their speedup by severely restricting the precision in the
number of bits. These restrictions may affect the performance of the network.

There seems to be an inverse proportional relation between performance speed and recon-
figurability, as indicated in Figure 3.18. By making special-purpose chips it is impossible
to gain both high speed and reconfigurability. Neural chips often lack flexibility and scal-
ability, compared to general purpose computer simulation of neural networks.

Speed

s

Reconfigurability

Figure 3.18: The relation between speed and reconfigurability of the hardware.

The design choice between analog and digital technology may depend on whether the
research goal is biological modeling or making a programmable research tool [5]. Moreover,
a theoretical high speed is useless if the machine is not flexible to do what the user requires.

3.3.10 Summary of the Parallel Mapping Schemes

The degrees of parallelism used parallel schemes on general purpose architectures are listed
in Table 3.2. Neuron parallelism is most often used, while pipelining is rarely used. For
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Computer # PEs | Tr. set p. | Pipel. | Neuron p. | Synapse p. | Mapping
CM-2 [161] 64K X X H
CM-2 [111] 16K X X H
CM-5 [75] 512 X X H
CM-5 [1] 32 X X X H
CM-5 [65] 256 X X X A
DAP 600 [9] 4096 X X X -
DREAM [119] (M) X A
GF-11 [154] 356 H
Hypercube (M) [76] X X X A
Intel iPSC/860 [58] 32 X X H
Mesh (M) [130] X X X A
MP-1 [22] 4096 X X X H
MP-1 [17] X X H
MP-1 [160] 16K X X H
NCube/4% [61] 16 X H
Q-x system (M) [2] 64 X X H
SCAP (M) [72, 108] X X A
Systolic array (M) [67] X X X A
Warp [107] 10 X H

Table 3.2: Parallel general purpose computer mappings of BP training. A map-
ping is implemented on the computer unless “M” is indicated in the leftmost
column. An “M?” indicates that a theoretical model of the system is used.

Computer # PEs | Tr. set p. | Pipel. | Neuron p. | Synapse p. | Mapping
TLA/PLA [40] 16 X X A
2D-torus [106] 16 X X X H
Ring (M) [162] 15 X X A
Ring [23] 80 X X X A
Ring (M) [34, 36] - X H
Ring [105] 32 X H
Tree [26] 9 X H
Hypercube [62] 8 X H
Hypercube [150] 16 X H

Table 3.3: Transputer implementations of BP. In the leftmost column, “M”
indicates that a theoretical model of the system is used.

transputer technologies, Table 3.3 indicates the parallel mapping schemes used. Training
set parallelism is often used. This is probably to minimize the communication bottleneck
of transputer systems. For neurocomputers, only implementations employing neuron par-
allelism are yet published, see Table 3.4. However, few implementations for these computer
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Computer # PEs | Tr. set p. | Pipel. | Neuron p. | Synapse p. | Mapping
CNAPS [47, 46] 512 X -
MUSIC [89] 45 X H
MY-NEUPOWER [115] | 512 X -
RAP [87] 40 X H
Sandy [158] 256 X H
SNAP [158] 256 X H

Table 3.4: BP neurocomputer implementations.

architectures have been reported.

The majority of parallel implementations in the undertaken survey are of the heuristic
kind, see Table 3.2. The assignment of processors to each degree of parallelism does not
change according to the network size and training set size. This represents a problem since
only a few neural network applications will train near optimally for fixed implementations.

The proposed algorithmic mappings are, with a few exceptions ([23, 40, 65]), only theoret-
ical studies. Moreover, some sophisticated methods are suggested but only implemented
on small systems, e.g. 16 transputers [40].

3.3.11 Summary of the Performance

The training performance of the parallel back propagation implementations presented in
Section 3.3 are listed in Table 3.5. Performance is measured in CUPS.

The NETtalk network has been used in many of the reports. However, the commercial
neurocomputer companies seem to avoid using this benchmark. Since different networks
are used to measure the learning speed, direct comparison between them is not possible.
Also, the comments in Section 2.1.4 regarding the CUPS measure should be borne in
mind when comparing the results. The performance is highly dependent on the degree of
optimization of the program code [4]. The double loops can be organized so that the data
variables can be kept in fast memory. To optimize speed, the code must be written in
assembly language.
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Computer No of PEs Network size 7 FP | MCUPS
Sun-3 [58] 1 NETtalk 1 32 0.034
NCube/4* [61] 16 Optimal network 1 32 0.19
Sun SparcStation 10 [90] 1 - 1 32 1.1
Alpha Station [90] 1 - 1 32 3.2
CM-2 [12] 16K NETtalk (60) T R
Cray 2 [75] 4 257 x 256 x 131,072 1 32 10
iPSC/860 [58] 32 NETtalk (80) | 2000 | 32 | 11
MP-1 [22] 4096 128 x 64 x 16 1536 | 32 12
IBM RISC/6000 550 [4] 1 1000 x 1000 x 1 1000 | 32 17.6
Cray X-MP [75] 4 257 x 256 x 131,072 1 32 18!
CM-5 [1] 32 NETtalk (80) bb | 32 | 18.33
CM-2 [161] 65536 NETtalk (80) | 4096 | 32 | 40
Cray Y-MP [75] 2 257 x 256 x 131,072 1 32 40!
MP-1216 [160] 16384 NETtalk (120) Ibb 32 41
Q-x system [2] 64 256 x 128 x 256 8192 | 32 441
CM-5 [65] 256 1024 x 256 x 64 | The | 32| 50
Fujitsu VP-2400/10 [113] 1 NETtalk (60) 1| 32] 60
CM-5 [75] 512 257 x 256 x 131,072 1 32 76
CM-2 [121] 64k 128 x 128 x 128 65536 | 32 350
TLA [40] 16 256 x 64 x 256 1 32| 06
Transputers [35] 53 NETtalk (60) 1500 | 32 1.54
MEIKO [23] 120 512 x 256 x 64 30 32 8
Sandy [158] 32 NETtalk (60) 32| 2
Cellular arch. [31] 4175 NETtalk (60) 1 16 51.51
SNAP [124] 64 64 x 64 x 64 - 32| 766
RAP [87] 40 640 x 640 x 640 1 32 102
MUSIC [89] 45 - 1 32| 203
SNAP [124] 64 512 x 512 x 512 - 32 302
Sandy [158] 256 Optimal network 1 32 567
MY-NEUPOWER [115] 512 Optimal network - 16 | 1,260
CNAPS [47, 46] 512 1900 x 500 x 12 1 16 | 2,379

"The performance has been estimated or simulated (not measured)

Table 3.5: Performance of neural network training. p is the weight update
interval, and FP is the floating point precision. The horizontal lines separate
general purpose computers, transputer systems, and neurocomputers, respec-
tively.



Chapter 4

Hardware for Running Neural
Networks

In this chapter, the two parallel computers used in this study for implementing the back
propagation training algorithm are presented. In addition, conditions for the experiments
will be discussed. The first computer presented — Fujitsu AP1000, has been used for the
major part of the implementations presented in this thesis. The second computer presented

— RENNS. has been used in the final part of this thesis.

4.1 Fujitsu AP1000

Syncronization
network

Host

Broadcast
network
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Figure 4.1: The AP1000 architecture.

Fujitsu AP1000 is a general purpose message passing MIMD computer with distributed
memory [57]. Figure 4.1 depicts the architecture. The AP1000 processing element is

39
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called a cell and consists of a Sparc CPU, an FPU, a message passing unit, 128 Kbyte
cache and 16 Mbyte local memory. The largest available system consists of 512 cells'.
The cells are connected by three different communication networks as seen in the figure.
First, the cells are interconnected by bidirectional channels in a two dimensional torus
network. Communication is by packet switching and packets are routed from source to
destination using the wormhole routing switching method. As such, the path length has
little effect on communication time. Secondly, there is a broadcast network for bidirectional
communication with the host — a Sun 4 workstation running the UNIX operating system.
Thirdly, there is a network for fast synchronization. The computer can be programmed
using either FORTRAN or C programming languages. The languages are enhanced for
doing communication etc.

The AP1000 is accessible over the Internet, without any fee, to registered users in Japan
and overseas from the Fujitsu Parallel Computing Research Facilities (FPCRF, Kawasaki,
Japan). Several versions of the computer are available: 64, 128, 256, and 512 cells