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Abstract

Artificial Neural Networks (ANN’s) possess image recognition properties that are of par-
ticular interest to researchers in the image processing community. Early ANN simulations
on serial computers however, were too slow to be of practical significance. The SIMD

? memory modules arranged in an n X n

architecture presented here has n PE’s and n
array. This massive memory is used to store connection weights. A fully connected,
single layer neural network model with n neurons can be mapped onto the architecture
in a very natural fashion. An update in this case requires (n + 2) time steps. Although
there have been previous attempts to simulate fully connected neural networks on systolic
arrays [7], these methods do not exploit sparsity if the network is not fully connected. We
show how models with sparse connectivity among neurons can be simulated in O(y/n + )
time, where e is the number of non-zero weights in the connection matrix. Preprocessing
is carried out on the connection matrix of the sparse network resulting in data move-
ment that has an optimal asymptotic time complexity and a small constant factor. The
proposed architecture can also be used for the efficient simulation of multilayer networks
with a Back Propagation learning scheme. Massive memory organizations are shown to
be more attractive for neural network simulations than other known architectures.



1 Introduction

The inspiration to develop artificial neural networks stems from a desire to mimic the
immense computational power of the human brain in artificial systems. This biological
inspiration has translated into models called Artificial Neural Networks (ANN’s) that are
characterized by many simple processing elements, interconnected by weighted links.

Models based on the neural paradigm have been shown to possess computational
properties that conventional models do not provide naturally. Foremost amongst these
is the ability to store images and recall them from partial information about the stored
patterns. Memories that achieve such recall are called associative memories ([6],[19]). A
memory is called autoassociative if its output is the stored pattern that most resembles
the input key pattern. In a heteroassociative memory, on the other hand, a pair of
patterns {X;,Y;} is stored as an association. On being input a key pattern, X, such
that X most resembles pattern Xj, the output of the memory is ¥;. Both autoassociative
and heteroassociative memories have been designed using ANN’s. The recall from some
neural associative memories has been shown to be invariant to translations, rotations and
distortions of the input pattern [12]. Such a pattern recognition system could be used as
a component of a complete vision system.

The theory of Neural Nets has shown that ANN’s can prove useful in a variety of real
life applications. It now remains to implement such networks so that their full potential
can be realized. Initially, neural networks were simulated in software on serial computers.
These simulations however, proved to be extremely time consuming and it was realized
that ANN’s would have to be simulated on fine grain parallel machines that captured the
inherent fine grain parallelism of the paradigm. A number of ANN implementations have
thus been attempted on existing and specially designed parallel digital architectures.

In [7],[8], the authors have described a scheme to design special purpose systolic ring
architectures to simulate neural nets. By recognizing that neural algorithms can be re-
written as iterative matrix operations, the authors have been able to directly apply well
known techniques for mapping iterative matrix algorithms onto systolic architectures.
The method is shown to work for fully connected Hopfield Nets. To simulate a com-
pletely connected network with n neurons, the architecture consists of a ring array with
n processing elements (PE’s), each with a local memory of size n. Each update step,
either in the search phase or in the learning phase takes n time steps. Multilayer ANN’s
can be simulated by this method by using the layer number instead of time as the iter-
ation index and cascading linear arrays, one for each layer. The method however, works
efficiently only for fully connected networks. Simulating sparsely connected networks
requires the storing of zero weights for all the missing interconnections. A considerable
amount of space and time is thus wasted. Also, the existence of wrap-around connections
is an undesirable feature of these architectures.

H. T. Kung et al [9] have simulated feedforward neural networks implementing a Back-
propagation learning scheme on the CMU Warp machine. The Warp is a programmable
systolic machine with 10 powerful PE’s and thus provides a coarse grain of parallelism on



which ANN’s are simulated. Two implementations of the back-propagation algorithm are
described in [9]. In the first implementation, a network partitioning scheme is used and
each cell simulates one vertical slice of the network. This network partitioning scheme
however, is not very efficient for simulating large networks as each PE has to store all the
weights associated with the neurons it is simulating. In the data partitioning scheme,
each PE simulates the whole network on a different set of training patterns in parallel.
The weights in this case are stored in an external memory and are pumped through the
PE’s. The main drawback in the data partitioning approach is that it is far removed from
the neural paradigm. The Warp is unable to provide the fine grain parallelism desired
by neural network simulations with its small number of PE’s. The data partitioning
scheme is essentially pipelining which works well during the training phase but would be
inefficient if a single pattern were to be classified.

A simulation of multilayer ANN’s running the Backpropagation learning algorithm on
the Connection Machine CM-2 is presented in [25]. The authors have used the physical,
nearest neighbor links of the 2D mesh connections in the CM-2 to carry out commu-
nication. Each PE stores a vertical slice of the network —the activation values of the
neurons in that vertical column, along with the weights of the links coming into these
neurons. The activation values for a particular layer are rotated through the PE’s and a
multiply-accumulate-rotate iteration, a process quite similar to the one described in [7],
is carried out. Update of weights according to the Backpropagation rule also requires a
sum of products to be computed and so, can be carried out similarly.

Other approaches to simulating ANN’s on digital hardware are described in [17], [22],
(24].

Recently, several researchers have considered alternate interconnection schemes for
parallel computations [23], [21], [1]. In this paper, we present techniques for simulating
ANN’s on one such organization, the Reduced Mesh of Trees organization. A Reduced
Mesh of Trees (RMOT) of size n is an SIMD architecture with n PE’s and n? memory
modules arranged in an n X n array. The i** PE has access to the memory modules in
the #* row and the i" column of the memory array. The RMOT has been shown to be
very efficient for applications requiring dense data transfer operations [1]. It can provide
optimal performance for many image and graph algorithms. A fully connected, single
layer neural network model with n neurons can be mapped onto an RMOT of size n in
a very natural fashion. An update in this case requires (n +2) time steps. We show how
models with sparse connectivity among neurons can be simulated on an RMOT of size
vn+ ein O(y/n + e) time, where e is the number of non-zero weights in the connection
matrix of the network. Preprocessing is carried out on the connection matrix of the
given sparse network resulting in data movement that has an optimal asymptotic time
complexity and a small constant factor.

Since an implementation of the RMOT will have a fixed number of PE’s, we show
how algorithms designed for an RMOT with n» PE’s translate onto an RMOT with p
PE’s (p < n) with a slight degradation of performance. An RMOT with 16 PE’s is being
built by a research group at the University of Southern California. The advantage of the
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Figure 1: Organization of (a) a 4 x 4 MOT (b) an RMOT with 4 PE’s.

RMOT over other architectures used to simulate ANN’s is that it is implementable using
current technology. Also, the paper presents a method to simulate sparse networks on
the RMOT that is more efficient than simulations on other architectures.

The rest of this paper is organized as follows: Section 2 presents a description of
the RMOT architecture. Section 3 presents the neural models addressed by this paper.
Section 4 describes how ANN’s can be simulated on the RMOT. Section 5 presents the

various implementation issues. Section 6 concludes the paper.

2 The Reduced Mesh of Trees Architecture

The organization of an n x n Mesh of Trees (MOT) is shown in Fig. 1. It consists of an
n X n array of processing elements (PE’s) in which each row and each column of PE’s
form the leaves of a binary tree. The root and the internal nodes of each tree are also
PE’. The reduced VLSI architecture considered in this paper consists of n PE’s each
having row and column access to an n X n array of memory modules, such that PE; can
access the modules in the i** row and i** column of the array. The memory module in the
ith row and the j** column of the array is denoted by M;;. Note that M;; acts as a shared
space between PE; and PE;. The proposed organization can be looked upon as a Mesh
of Trees organization, in which the n? leaf PE’s are replaced by n? memory locations,
and each row (column) tree is replaced by a single PE with a row (column) bus. This
organization has been called a Reduced Mesh of Trees (RMOT) [1]. The organization
of such an architecture is shown in Fig. 1 for » = 4. The PE’s have arithmetic/logic
capabilities, and all their memory registers are O(logn) bit wide. Also, each memory
module consists of a fixed number of O(logn) bit registers.

Notation: For simplicity and compactness, a memory row will be denoted by RM and
a memory column will be denoted by C M. The i** memory row (column) is denoted by
RM; (CM;). Also, the j** memory module in RM; will be denoted by RM;[;](CM;[j]).

Unless stated otherwise, it is assumed that the memory modules are indexed according



to the row-major indexing scheme. In this scheme, memory module M; ; is given the
index 7 xn + 7.

Memory Access and Operation Modes: The access of memory locations is done
by the PE’s. In normal operation, each PE can read or write one unit of data from a
single memory location in its row or column. A single bit is used to indicate whether
the access is row-access or column-access. Memory contention is avoided by allowing all
PE’s to do either a row-access or a column-access, but not both, in one cycle. Each PE
specifies a logn bit address to select the memory module to be accessed. In addition, if
each memory module contains k registers or memory locations, then each PE specifies a
log k bit address to select a register within the module.

It should be noted that other research groups have been working with similar orthog-
onal arrays of PE’s ([21], [23]).

3 Neural Network Models

In this section, we first describe the model of an individual neuron and then the model of a
general neural network. Finally, in the last subsection, we provide a brief insight into the
learning mechanisms incorporated in ANN’s with special emphasis on Backpropagation.

3.1 Model of the Neuron

The computational model of the neuron used in ANN’s is an abstraction of the char-
acteristic properties of the biological neuron. The earliest neural model was developed
in the 1940’s by McCulloch and Pitts (Figure 2). The McCulloch-Pitts Neuron [6] is a
simplistic two state device. It forms a weighted sum of its inputs and yields a binary
output depending on whether the weighted sum is greater than or less than a threshold
6. i}
1 if Zw,-ja,- > 6;
a; = i (1)
0 if Zw,-ja:j < §;
=1
where a; is the activation of the it* neuron, wj; is the weight of the connection from
neuron j to neuron ¢ and 6; is the threshold of the it" neuron. To more closely mimic the
biological model, this transfer function could be replaced by a continuous, monotonically
non-decreasing function which better matches biological data. One such function that is
often used is the Sigmoid function:

1
S(z) = — 2
(#) = T @)
where ¢ is a constant. Neurons with continuous transfer functions are called Graded

Response Neurons [5].
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Figure 2: The McCulloch-Pitts Neuron



The method proposed here can simulate most models of ANN’s with minor modifica-
tions.

3.2 The General Model

A number of ANN models have been proposed in literature [11]. These models can be
differentiated on the basis of:

e Whether the network is a single or a multilayer network.
o Whether it is a feedforward network or it has feedback.
o Whether the network incorporates learning * or not.

The computations involved in most ANN models however, conform to a common form.
The neural networks addressed in this paper adhere to the following general model. A
neural network consists of interconnected simple neurons. The input signals received by
a neuron are multiplied by appropriate weights and summed to yield the overall input to
the neuron. The output of the neuron is produced by applying a function f, called the
activation function, to the weighted sum.

The update step can be formally described as

n

af*t = fi(3 wi;af) (3)

i=1

The neurons in the network could form a single layer with feedback connections or
could form the input, output and hidden layers of a multilayer network. In a single
layer network, a neuron computes its new activation value after receiving its inputs,
and communicates the new value onto neurons its output connects to. In a multilayer
network, the activation values are communicated to the next layer. A forward pass of
data from the input layer to the output layer, which does not involve changes of weights,
is referred to as a recall operation or the search phase. Learning can either be executed in
the forward pass by carrying out additional computations in the neurons or may require
a separate pass of data in the opposite direction (as in the Backpropagation model).

3.3 Learning

Learning is defined as the modification of synaptic weights so as to encode a pattern into
the ANN. Learning can either be supervised or unsupervised. In unsupervised learning
(eg. Hebbian Learning), a weight of a link is updated based on local information available
to the neurons connected by the link. Supervised learning, on the other hand, requires
the presence of an external “teacher”. The teacher modifies the weights based on the
error between a desired response and the actual response to an input.

!Learning is defined to be the updating of synaptic weights.
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One of the most popular learning schemes for multilayer neural networks is the Back-
pr.opaga,tion Algorithm [19]. Backpropagation is a supervised learning mechanism which
minimizes the mean squared error between the desired and actual output values. One of
the reasons that it is often used to solve real life problems is that it is computationally
very cost effective. A training pattern is input to the input layer of the multilayer ANN.
Let the actual output of the j** neuron of the output layer be represented by a;. Let the
desired (or target) output at that neuron be ¢;. Then, (¢; — a;) defines the error ¢; at
that neuron. The change in weight w;; is given by:

Awi; = nbia; (4)

where w;; is the weight of the connection from neuron j to neuron t, 5 is the learning
rate and §; is the error signal. The error signal is defined as follows. If neuron j is an
output unit, then:

8 = &i(z;) (5)

z; is the weighted sum of inputs to neuron j and f; is the derivative of the activation
function. The error signals for the hidden units are computed recursively:

§; = fi(x;) Y Srwig (6)

There are two phases to the Backpropagation Algorithm. In the forward pass, the
training pattern is input to the network and activations of the neurons are updated till
the output emerges at the output layer. This output is compared with the desired output
for that pattern and the error signals are propagated back through the network and the
weights are updated. The computational complexity of the backward phase is the same
as that of the forward phase.

4 Simulating Neural Networks

In this section, we present a description of how ANN’s are simulated on the RMOT. We
first describe how fully connected single layer networks are simulated. This is followed
by a description of how sparsely connected networks are simulated. Finally, we show how
multilayer ANN’s with the Backpropagation Algorithm are simulated.

4.1 Simulating Fully Connected Networks

This section describes how a fully connected, single layer neural network is simulated on

the RMOT.

4.1.1 Mapping

A fully connected single layer net with four neurons is shown in Fig.3.

7
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Figure 3: A fully connected single layer net with four neurons.



An RMOT of size n is used to simulate such a net with n neurons. Each of the
neurons in the net has n connection weights associated with it. PE ¢ of the RMOT stores
the current activation value of the i** neuron. The connection weights are stored in the
n X n array of memory modules in row major order. Connection weight w;; is stored in
memory module M;;. Thus, the mapping of the activation values and connection weights
onto the RMOT is done in the most natural fashion.

4.1.2 Update of Activation Values

As shown in Eq. 3, an update of the activation value of the i** neuron can be written as

k+1 f1 Zwij J (7)

j=1
where k is the iteration index and f; is the activation function (step function, sigmoid
function etc.).
Equation 7 can be re-written as

okt = fi(ak) (8)
= W.ak (9)

where W is the n x n matrix of connection weights and a¥ is the n x 1 vector storing the
activation values during the k** iteration. The update of activation values can therefore,
be thought of as a matrix-vector multiplication.

The computation represented by Eq.7 can be carried out in three steps:

1. The activation value of the j** neuron, a;, is communicated to all memory modules
that contain the weights of the connections emanating from neuron j (ie. all w;; ’s).

2. Computing Y7_, wjja; for each neuron .

3. Update of the neuron’s activation value by applying the activation function to the
weighted sum.

The mapping of activation values and connection weights onto the RMOT described in
Section 4.1.1 facilitates the above three steps. They are carried out as follows.

e Broadcast: The kt* iteration begins with each PE j broadcasting the stored acti-
vation value, a , to all memory modules in the column j. The broadcast of data to
modules in a column can be done in just one time step by using the column busses
in the RMOT. At the end of the broadcast step, the memory module storing w;;
also has a;.

e Multiply and Add: In this phase, a PE accesses each memory module in its
row, multiplies the two values (w;; and a;) and adds the product to a partia,l sum
register (PS). At the end of this phase, the register has the sum >7_, w;;a¥. Since
there are n memory modules in each row, this phase takes n time steps. The steps
of this phase are shown in Fig.4.



begin
for each PE 7 in parallel do

begin
28 =
for j:= 1 to n do
begin

read w;; and a; from memory module j in row i;
PS5 = PS5 + (wij*aj)
end
end
end.

Figure 4: The Multiply and Add phase

e Activation Function Application: After the multiply and add phase, the reg-
ister PS has the required weighted sum. The activation function f; is then applied
to this sum to yield the new activation value of that neuron.

The complete update step therefore takes n + 2 time steps.

4.1.3 An Example: Simulation of Hopfield Networks

A Hopfield Net ([5],[6]) is a single layer neural network which does not incorporate learn-
ing during run time. The interconnection weights are pre-computed depending upon the
patterns to be stored in the associative memory being implemented. The calculations of
weights is done using Hebb’s learning law. The two conditions that need to be satisfied
by a Hopfield Network are:

1. w;; = wy for all 4, 7.
2. Wi = 0 for all %

Once the interconnection weights have been computed off-line, they are mapped onto the
array of memory modules as described. The diagonal memory modules, M;;’s, store 0’s
and the weights are symmetric about the main diagonal. Hopfield Nets can therefore be
simulated by this technique in a straightforward manner.

4.2 Simulating Sparsely Connected Networks

If a single layer ANN has a few links missing, it is possible to carry out the search
phase processing in the manner described in the previous section. In this approach, a
zero is stored as the weight of a missing connection. If, however, the number of missing
connections is very large, a considerable amount of space and time is wasted in storing
and computing with the zero weights. An efficient method of carrying out search phase
computations for sparse neural networks is presented in this section.
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4.2.1 Initial Data Mapping

Let the neural network that is to be simulated have n neurons and e non-zero connections.
An RMOT having v/n + e PE’s and a v/n + e X v/n + € array of memory modules is used
to simulate the network. The memory locations in a module are either used as data
registers or they are used as routing registers. The initial values of the components of
the vector a are assigned to the first n PE’s in row major order.

Given the sparse connection-weight matrix for the network, the non-zero entries are
mapped onto the memory array in snake-like column major order. This ensures that
entries belonging to a particular column of the weight matrix form a connected region
(Figure 5). In each iteration of the algorithm, the w;; * a; products corresponding to a
row of the weight matrix have to be collected and summed. This requires the realization
of a permutation that arranges the elements in snake-like row-major order. Each data
element to be routed has three routing tags associated with it. The three routing tags
required to achieve this permutation are calculated for each entry and stored in the
routing registers. The computation of routing tags is discussed in Section 4.2.2.

Recall that an iteration of the algorithm consists of the computation

n
a:;+1 _ ﬁ(z wl.ja;‘?) for1<i<n

i=1
During an iteration:

1. Each a; is sent to all the memory modules which contain elements from the 3t
column of the weight matrix.

2. The product of w;; (the element in the memory module) and a; is to be routed to a
module such that in the new distribution of elements, the products corresponding
to a row form a connected region.

3. The data in each new connected region are summed to yield the weighted sum.

4. This sum is sent to the appropriate memory module. An application of the activa-
tion function on this weighted sum yields the updated activation value.

4.2.2 Data Routing

During each iteration, three kinds of data routing problems arise:

1. The broadcast of a; to all elements of the j** column of the connection weight
matrix.

2. Transformation from a snake-like column major order distribution to a snake-like
row major order distribution.

3. Transportation of the sums (X7_, w,-ja;?) to the memory modules that store the
components of a.

11
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Figure 5: An example of mapping non-zero elements in snake-like column major order
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Figure 7: The distribution after the transformation to snake-like row major order
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